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Introduction
I know that it will happen
’Cause I believe in the certainty of chance
Neil Hannon, The Divine Comedy
The ability to store data persistently is one of the key elements of information
technology. In modern computers this task is usually realised by magnetic hard
disk drives. They form the last and, therefore, the slowest level in the memory
hierarchy.
The sophisticated and complex advances in current disk drive technology
have made possible an accelerated growth in disk capacity. Nowadays, a single
off-the-shelf disk drive is capable of storing up to 180 gigabyte1. Nevertheless,
this is not sufficient to satisfy the ever growing volumes of data needing to be
stored. The rapid evolution in the processing power of modern processors, the
global availability of information, and the increasing use ofmixed-media contents,
demand more flexible storage systems. The easiest way of providing almost
unlimited storage capacity is the clustering of many disk drives connected in
an arbitrary network called a storage network. This does not only provide the
flexibility to adapt to changing capacity demands but also allows for the parallel
use of disks and, therefore, bears the capability to achieve faster response times
and reduces the likeliness of bottlenecks, like hot spots.
Unfortunately, the inherent advantages of storage networks are not easily
exploited. The management of many disk drives in parallel poses the question of
data placement. The most simple solution is to map new data to the first available
free position. However, this results not only in a scattered data layout, it also
makes additional functionality, such as reliability via redundancy, parallel data
1In the past years, the capacity of disks doubled roughly every 14 – 18 months.
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access, or dynamic adaption to changed capacity demands a very complex, cum-
bersome, error-prone, and very expensive task. Furthermore, the maintenance
and manageability of a large number of disks is much easier when they can con-
ceptually be treated as one entity. Data recovery and periodical backups are issued
to one system, hiding the physical representation from the administrator.
To further illustrate the above reasoning, consider the following situation.
Suppose some data is stored on a number of disks of equal size. The data through-
put is maximised by striping the data over all disks so that as many requests
as possible are serviced by as many disks as possible. Now suppose that the
available storage capacity is no longer sufficient due to an increased data volume.
To meet this requirement, a number of newer and larger disks are introduced to
the system. In order to keep the high level of performance, we must preserve
the striped layout. However, this results in the redistribution of almost all of the
data. During the redistribution phase, the performance of the system is reduced
substantially. The more data has to be redistributed, the longer the impact on
the overall performance lasts.
Clearly, there aremany storage systems capable of handling a capacity growth
easily, up to a limit. Most of them are monolithic and realise the redistribution
via redundant data paths. However, these systems are rather expensive and the
general problem remains when even these systems run out of storage space.
All of the above reasoning substantiates the need for more general manage-
ment techniques of an assemblage of disk drives, i.e. a storage network. Such a
system is a collection of disk drives which are connected by a linking network.
Each of the disks is characterised by its capacity and its bandwidth (see Figure 1.1).
The underlying topology or architecture of the network is unrestricted. Hence, we
are not concerned with network properties like congestion or latency. The topol-
ogy may vary from disks attached to a SCSI bus up to very complex networks
like peer-to-peer (P2P) networks where the disk drives are associated with server
nodes. In such an overlay network, a number of servers work together to solve
special tasks like searching. There is no central authority to control the behaviour,
and the servers might enter or leave the network at any time.
Having a closer look at the abstraction mentioned above, two crucial obser-
vations become apparent. First, larger demands for capacity are easily solved by
attachingmore disks to the network. However, the data needs to be distributed in
an intelligent way to provide an even utilisation of the participating disks. Only a
good data distribution can ensure the scalability in terms of the number of served
data requests when the number of disk drives is increased.
Second, a storage network offers the possibility of parallel data accesses pro-
vided that the data resides on different disk drives. This improves not only the
access time but also the disk utilisation because requests for larger data chunks
are served by more then one disk and, hence, data requests are more balanced.
3Yet using storage networks also imposes an inherent limitation – availability.
Everydiskhas an estimatedoperation timeduringwhichanerror is ratherunlikely
to occur. This entity is called the mean time to/between failure (MTTF or MTBF,
respectively), and for modern drives it is approximately 1,000,000 hours. For a
whole storage network, the MTBF decreases significantly. This is due to the fact
that it depends on the failure rate λsys [SS92, Gib91] which is simply the sum of
the failure rates λi of each participating disk2. Hence, we need to incorporate
some form of redundancy into the data placement to compensate for the loss of
disk drives.
The observationsmade above can be formalised as the data distribution problem.
The question to be answered is: Where should the data be stored such that any
data request can be answered as fast as possible? This is the essence of all the
above storage considerations. Even the issue of availability can be reduced to that
of fast data access if one has to regenerate data (from a saved checkpoint) that is
not accessible at the moment. We identify a number of properties that must be
addressed by a good data distribution in storage networks.
First of all, the data distribution has to ensure scalability. The more disks
there are in a storage network, the more data requests there are to be answered
and, hence, the faster the data should be delivered. This can only be achieved if
the data is evenly distributed over all disks. Hence, a good distribution strategy
must balance the data evenly over all disks. The importance of this balance is
further emphasised by the accesses to the data. They are dependent on the data
distribution, and, in general, there is little knowledge about the underlying access
pattern. Therefore, the best a data distribution can do is to be efficient for all
possible access patterns.
In recent years, modern storage systems have moved towards distributed
solutions. Such systems usually consist of common components connected by
standardised technology likeGigabit Ethernet or Fibre Channel. Hence, it is rather
unlikely that all components have the same capacity or performance, especially,
if the systems must possess the ability to adapt over time. Furthermore, the sheer
increase of stored data volume leads to a constant growth of systems. However,
it is rather unlikely that one always favours a new system instead of extending
the old one. This leads to the heterogeneity problem. Not exploiting the different
properties of each component may result in a waste of capacity and performance.
Closely related to the heterogeneity problem is the problem of adaptivity. If
we would like to extend an existing system, we want to do so as fast as possible.
Due to the fact that the new disks are only of value if we use them as soon as their
are available, we want to keep the resulting redistribution phase, in which the
overall performance is reduced, as short as possible. This leads to a new challenge
for storage networks – they should easily adapt to changing capacity/bandwidth
2This is only true under the assumption that the failure rate is constant.
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demands. The addition of disks is an easy solution to the storage problem if the
space/access balance requirement is ignored. One simply extends the systemwith
new disks and maps new data to recently added disks. However, this results in a
distribution that cannot increase the access performance for all data, even if newer
and faster disks are added. The only way to achieve both goals, space balance
and the addition of disks, is to redistribute some data. This property is measured
by the adaptivity. Naturally, the less data is redistributed the more adaptive is
the underlying strategy.
The above discussion can be summarised by defining a number of require-
ments that a storage network has to meet.
1. Space andAccess Balance: To ensure good disk utilisation and provide scal-
ability the data should be evenly distributed over all disk drives. The data
requests are usually generated by a file system above the storage network.
Hence, the storage network is unlikely to have any knowledge about the
access pattern and must handle any possible request distribution.
2. Availability: Storagenetworksneed to implement some formof redundancy
and suitable recovery mechanisms to tolerate the loss of failed disk drives,
because of the increased sensitivity to disk failures.
3. Access Efficiency: Stored data that cannot be accessed fast enough is lost
data. Access efficiency is defined by the time and space requirements needed
to answer a request for an arbitrary data element. This property is of crucial
importance when large networks are concerned. Furthermore, it assists the
scalability. The resources available to any storage network are limited. If
the data can only be accessed by consuming large portions of these valu-
able resources, the maximally manageable size of a storage network is very
limited.
4. Heterogeneity: Heterogeneity describes the capability to handle disks of
different properties like capacity or bandwidth.
5. Adaptivity: The data volume is constantly growing and even generously
planned systems can quickly run out of storage space. This property mea-
sures the ability to adapt quickly to a changed situation such as the addition
of a new disk drive.
Although it seems impossible to meet all of the above requirements simulta-
neously, especially as heterogeneity and adaptivity are challenging if space/access
balance and access efficiency must be guaranteed. However, randomisation can
ease the task significantly. Applied to the used data blocks, it ensures an even
distribution over a specialised interval, and, hence, the distribution algorithm
only has to concern itself with this interval.
5This thesis focuses on heterogeneous, adaptive data distribution strategies
that are capable of balancing the data requests as well as the data itself. We do
not investigate fault tolerant schemes because they could be easily applied on top
of a distribution strategy. The thesis is divided into two main parts. In the first
part, we build the theoretical background, then describe and analyse the strategies.
Their simple structure together with their adaptivity make them very interesting
for storage virtualisation. In the second part of the thesis, we introduce a storage
virtualisation based on the Share strategy, and we present results concerning its
induced overhead and quality.
In the next chapter, we give an overview of previous results and then lay
the theoretical groundwork for homogeneous distribution strategies. They are
substantially easier than their heterogeneous counterparts because all disks get
the same amount of data. Hence, if the number of disks changes, the amount of
redistributed data is equal for all disks. We begin with the Nearest Neighbour
strategy proposed by Karger et al [KLL+97]. This strategy deserves attention
because it is applied later as a subroutine in more general algorithms. We analyse
its behaviour according to our measures.
Our first strategy is the Cut-and-Paste strategy introduced in [BSS00]. The
given analysis proves not only that it achieves a much better space balance com-
pared to the Nearest Neighbour strategy, but also that it adapts to changes by
redistributing a data volume that is close to optimal.
The first heterogeneous data distribution is the Level strategy proposed in
[BSS00]. As the name suggests, we introduce levelswithinwhich the participating
disks are treated uniformly. Thuswe can apply theCut-and-Paste strategy to solve
the data distribution problem in each level. Unfortunately, the adaptivity of this
strategy as well as its rather complex structure render it unsuitable for practical
purposes.
This is one of the reasons that we devised the Share and the Sieve strategies
[BSS02]. Both are space balanced and achieve a close to optimal adaptivity. While
the Share strategy resolves heterogeneity in one phase and uses a faithful uniform
scheme as a subroutine, the Sieve strategy relies completely on pseudo-random
hash functions.
The ability to handle disks with different characteristics, together with the
efficient adaptation to changes in the storage network, give rise to a new way
of managing storage virtualisation. Therefore, we used the Share strategy as
the core of our virtualisation approach [BMS+03]. We achieved feasibility by
coarsening the data access; instead of keeping information for every data block,
we introduced extents - a collection of consecutive data blocks. Together with a
database for ensuring the consistency of the needed information, the implemented
device driver is capable of realising storage virtualisation efficiently.
How reliable is our randomised approach in practice? Surely, this is an
important question because the quality of the Share strategy depends not only on
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hash functions but also on the number of disks in the network, the number of
used extents, and the value for a quality parameter called stretch factor. The last
chapter is dedicated to answer this question. First, investigate the distribution
quality of our implementation. This is done by exploring different aspects such as
the theoretically best possible distribution and the number of accessed elements
needed to achieve such a distribution.
A second set of experiments was conducted to estimate the induced overhead
of the whole storage virtualisation [BHM+04]. The key issue is the influence of
each component (driver, data transfer and performance of the database) on the
data throughput compared to the performance of a pure disk. We show that
our approach loses roughly 10% to 15% of the maximal achievable throughput.
However, we gain a considerable speedup when the extents are distributed over
more than one disk. In particular, the number of random data accesses, the setting
that resembles real applications best, scales almost optimally.
The quintessence of the contribution of this thesis can be formulated as fol-
lows: We liberate the use of storage networks by introducing dynamic behaviour.
The devised strategies are not only proven to be theoretically sound concerning
their quality but are also evaluated using real-life applications.
1.1 Preliminaries
In this section, we describe the abstractions made to tackle the given problem the-
oretically. The starting point is the physical representation of data on persistent
storage devices, e.g. magnetic disk drive. The distinctiveness of data accesses
to these devices leads to a special handling inside most operating systems. Ex-
emplarily, we give an overview of disk accesses under Unix, particularly under
Linux. A more detailed description can be found in Section 4.3.
The hardware fundamentals and basic access strategies for disk drives form
the foundation of the abstractions made by our model. More specifically, we use
the block device interface as our level of abstraction for data access, i.e. data is
organised as an array of constant sized blocks. However, the presented strategies
are more general and not limited to that level. The description of our model is
concluded by the formal definition of the data placement problem for which we
will devise algorithms later on.
1.1.1 Magnetic Disk Drives
Nowadays, persistent storage is realised by magnetic disk drives. These devices
consist, in principle, of a number of rotating platters with a sensitive surface and
a number of mechanical read/write heads. The surface of each platter is divided
into concentric rings called tracks. This enhances performance because accessing
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a whole track does not involve the comparatively slow movement of the head.
Each track is further divided into sectors, the smallest accessible unit on a disk.
Clearly, there are plenty of optimisations that may be applied to the sector layout,
but for our purpose this can be neglected (see [RW94] for more detail).
The access to an arbitrary data item involves the following steps. First, the
head has to be moved to the right track. The time to do so consists not only of
the time to seek the right track (tseek) but also of the time to settle the head over
it (tsettle). To access the correct sector, it might be necessary to wait until it rotates
under the head (trotate). The actual access to the data item is exactly the time it
takes the sector to pass under the read/write head (trw). This leads to the following
formula for accessing an arbitrary data item.
taccess = (tseek + tsettle) + trotate + trw (1.1)
The above equation is dominated by the positioning time of the read/write
head. Due to the fact that the time to read an actual data item is negligibly
small, reading an entire sector instead of only one item increases performance
significantly.
In an operating system, this fact is modeled by the representation of a disk
drive; it is a continuous set of addressable sectors, called blocks. Let us denote
the fixed size of these blocks by B. All data accesses are translated into block
accesses. The internal size of a block may be arbitrary, but it must be a multiple
of the sector size.
This interface, the access of data blocks on a disk drive, forms the foundation
for our model, i.e. we assume that the data is given as a consecutive set of
addressable data blocks. Hence, the distribution problem is essentially an issue
of the mapping of any number of given data blocks to a set of disk drives.
1.1.2 The Storage Network Model
We now define our model in more detail.
Definition 1 (Storage Network) A storage network S(n,C[n]) is a collection of n ∈
N disks labeled D1, . . . ,Dn where each disk is characterised by a capacity Ci ∈ N
describing the number of blocks of size B it can store.
The disks in a storage network may have further characteristics, like the
bandwidth Bi stating the average data transfer time when accessing one block.
Such properties can be incorporated into our model by deriving a parameter
dependent on capacity and bandwidth, e.g. the ratio of bandwidth and capacity.
For the purpose of illustration, we will concentrate throughout this thesis on
capacity because disk utilisation is more self-evident than throughput utilisation.
The results can be straightforwardly generalised to the latter case.
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Figure 1.1: An arbitrary storage network consists of a number of disksD1 , . . . ,Dn
and a connecting network. Each of the disks Di is characterised by its capacity Ci
and its bandwidth Bi.
For further simplification, let us assume that the maximal number of disks
is bounded by N. The capacity of the whole network can then be expressed by
Ctotal =
∑
1≤i≤n Ci .
The underlying communication network may be arbitrary as long as all disks
are connected. Network specific performancemeasures, like congestion or latency,
are not considered here. Note that the influence of the underlying network is of
minor significance. The reason is the distinctive access behaviour of disk drives.
It is slow compared to network performance and, therefore, forms the bottleneck
in a storage network. The only way of modelling the network behaviour is by
adapting the bandwidth Bi of each disk appropriately.
A storage network is called homogeneous (or uniform) if all disks have the same
characteristics, i.e. the same capacity and the same bandwidth. Otherwise, the
system is heterogeneous (or nonuniform).
To model the accessed data, we are given an ordered universeU = {1, . . . ,M}
of data blocks of size B. Let us denote the position of a data block in the universe
by the address. The size M of the universe may be arbitrarily large but fixed. The
data to be stored is given by the set P = {1, . . . , p} of data blocks drawn from
the universe U. In general, we call all operations that read or write data blocks
data accesses or data requests.
Any of the p data blocks may be completely or partially replicated. Let r ∈ R
denote the replication factor by which all data blocks are extended, e.g. a factor of
1 indicates that every data block has another copy.
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The parallel access to data blocks is modeled by the stripe concept. A stripe
is a collection of l, not necessarily consecutive (consecutive in the defined order
of data blocks), data units. Each data unit consists of one or more data blocks. For
reasons of simplicity, we assume that each unit has exactly the size of one data
block. If the data blocks are partially replicated, the stripe contains redundant
blocks, e.g. parity information. The access to a stripe is fully parallel if all its
units reside on different disks.
The number of data and replication blocks to be placed in the system is
defined by m =
∑
1≤i≤p i + r · i .
Definition 2 (Data Distribution Strategy) Given a storage network S(n,C[n]) adata
distribution strategy defines a mapping of any given number of blocks p ≤ Ctotal drawn
from the universe U to the disks such that no disk Di gets more than Ci blocks.
Given a replication strategy, the data distribution must also map the replication
blocks to the n disks. This includes the task of mapping copies, or redundancy
blocks, and data blocks to different disks. Compliance with this restriction is only
an issue in randomised distribution strategies because any deterministic strategy
maps full stripes, including the redundancy information.
So far, we have allowed any data distribution strategy to be a valid strategy.
When is such a strategy a ’good’ strategy? In the introduction, we have defined
some requirements which we now formalise. Before we state some characteristics
of good distribution strategies, we introduce some auxiliary definitions.
Definition 3 (Share) Given a storage network S(n,C[n]), the share of a disk Di is
defined by
ci =
Ci
Ctotal
.
In other words, the share of a disk is a normalised measure of the heterogeneity
in a storage network. The bigger the share of a disk, the more data blocks should
be placed on that disk to ensure an even distribution.
Given the share of a disk, we are able to define the space balance property.
The number of data blocks stored on disk Di is denoted by the load di.
Definition 4 (Space Balance) A data distribution strategy for a storage network
S(n,C[n]) is space balanced if, for any given set P ⊆ U of size p, every disk Di gets at
most
di = dci · pe
blocks. For randomised algorithms, we require that we come close to the optimal, i.e. the
expected value of the number of blocks a disk must store should not exceed
di = (1 + ) · ci · p .
Optimally, this property should hold for any  > 0.
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Note that the space balance property ensures the utilisation of the storage
network. It can be loaded up to almost 100% because the number of blocks any
disk has to store is according to its capacity.
Fault tolerance is not one of the main issues of this thesis. Generally, an ap-
propriate redundancy strategy (like parity) is applied and the distribution scheme
ensures that the disks storing the data blocks differ from the disks hosting the
redundant blocks. This could easily be implemented on top of any of the distri-
bution strategies that we will consider.
Access efficiency measures the time and space consumption needed to access
any arbitrary data block. Clearly, both should be as small as possible for good
data distributions. We use common complexity measures to determine these
properties. For the time complexity we count the number of computational steps
needed to find the disk storing a given block b. The space complexity counts the
memory resources required to do so.
So far, we are able to characterise static storage networks that do not change
over time. The only dynamic aspect arises when the number of stored blocks
p changes. In this thesis, we introduce a new concept for storage networks:
the adaptivity to changing space requirements. We enable the storage network
to increase or decrease the number of participating disks n. This imposes an
algorithmic challenge if we require that the distribution strategy has to ensure the
space balance property too. A natural measure for the efficiency of a distribution
strategy in terms of adaptivity is the number of blocks that have to be distributed
to achieve the space balance property. This determines how long the storage
network must work in a degraded mode. We call all operations that result in a
replacement of blocks change operations.
To model the dynamics in storage networks, we apply competitive analysis
[BEY98]. The increasing and decreasing of disks can be interpreted as an online
problem, because we do not know when a change will happen. Competitive
analysis compares an online algorithm with the best possible oﬄine strategy. In
our case, the best oﬄine strategy is a distribution algorithm that ensures space
balance after each change. To do so, it has to replace at least cn+1 · p blocks. We
call a distribution strategy c-competitive if it needs at most c times the number
of replacements performed by the optimal oﬄine strategy for any sequence of
change operations.
Now we are ready to define an adaptive distribution strategy.
Definition 5 (Adaptive Distribution Strategy) A distribution strategy is adaptive
if it is capable of space balancing any given storage network S(n,C[n]) after a change in
the number of disks n. It is c-competitive if the number of blocks that must be replaced
to achieve space balance is only c times the number of blocks an optimal strategy has to
replace. For randomised algorithms, this should hold at least for the expectation value.
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There are many different ways to analyse adaptivity. Using the share ci of a
disk is a very elegant one. Let the capacity of the storage network be given by a
share vector c = (c1, c2, . . . , cN) for some N > n. All disks that are not currently
in the network have a share of ci = 0. Hence, an increase in the number of disks
can be modeled up to the upper bound N. Given two share vectors (c1, · · · , cN)
and (c′1, · · · , c′N), the number of blocks that any space balancing strategy has to
replace is given by ∑
i:ci>c′i
(ci − c′i ) · p .
Note that this is equal to the number of blocks an optimal space balancing strategy
has to consider.
Taking the above definitions into account, the data distribution problem exam-
ined in this thesis can be stated as follows: Is it possible to find an adaptive, space
balancing data distribution strategy that guarantees an efficient data access and
uses as few resources as possible?
1.2 Tools
The proposed strategies are randomised algorithms. For the analysis of these
algorithms the following theorem is of crucial importance. It bounds the deviation
from the expectation value for a number of independent random variables. In
otherwords, it gives the tail estimationbasedon expectation for those independent
random variables [Che52].
Theorem 6 (Chernoff bounds[Sch00a]) Consider any set of n independent random
variables X1, . . . , Xn. Let X =
∑n
i=1 Xi and µ = E[X]. Then it holds that for all δ ≥ 0,
Pr[X ≥ (1 + δ) · µ] ≤ e−min{δ2,δ}·µ .
Furthermore, it holds for all 0 ≤ δ ≤ 1 that
Pr[X ≤ (1 − δ) · µ] ≤ e−δ2·µ/2 .
In the analysis of the strategies we use probability theory. The following
definition captures the essence of high probability.
Definition 7 (High Probability) An event X occurs with high probability (w.h.p.) if,
for any α ≥ 1, there is an appropriate choice of constants for which X occurs with
probability at least
Pr[X] ≥ 1 − O
( 1
nα
)
.
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Previous Results
In this chapter, we give an overview of different approaches to tackle the data
distribution problem in storage networks. Most of the previousworks concentrate
only on some of the necessary properties of distribution strategies. Therefore, we
partition the chapter according to each of the aforementioned properties, namely
space balance, availability, heterogeneity, and adaptivity. They are very general
and provide the building blocks for more complex distribution schemes.
In the first section, we introduce different space balancing techniques. The
main distinction is between deterministic and randomised approaches. All dis-
tribution schemes employ some of these techniques to some extent to distribute
the data evenly.
The next section is dedicated to fault tolerant approaches. Because fault refrac-
tiveness is implemented by some form of redundancy (like parity information), it
imposes a new challenge to the underlying space balance mechanism. In case of a
disk failure, the redundant information needs to be accessed to rebuild the original
content. This should be done as fast as possible because during the rebuilding time
a new failure is very likely to be fatal. Hence, we introduce some redundancy bal-
ancing techniques which are tightly coupled to the fault tolerating scheme. Most
of these techniques could be easily combined with existing distribution schemes
to form robust algorithms that can resist one or more disk losses.
After that we consider heterogeneity, i.e. the handling of disks with different
properties like capacity. There are only a fewapproaches that handleheterogeneity
in conjunction with distribution schemes. In this section we introduce, among
others, an extension to RAID level 0, which is the simple striping of data blocks
over all disks, and RAID level 5, which combines simple striping with fault
tolerance, that is capable of handling disks of different capacity.
The newest and, therefore, the least known field is that of adaptive distribu-
tion schemes. Even if some of the space balancing techniques are concerned with
- 13 -
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reconstruction time, there are very few approaches that consider the dynamics of
extending or reducing the number of disks in a storage network.
2.1 Space Balance
One of the major goals of storage networks, apart from providing large capacities
and ensuring availability, is to decrease the overall access time. In general, this
time is strongly correlated to disk utilisation if the network behaviour, as in our
model, is neglected. When a disk gets too many requests, the access time (most
notably the track search time) is increased significantly resulting in read/write head
thrashing in the worst case. Thus, the data blocks, and with them the the data
accesses, must be balanced over all participating disks. Note that this property
also ensures a complete saturation of the system’s capacity as long as the system
is homogeneous. Furthermore, it must guarantee that data units in a stripe are
hosted by different disks to ensure parallel access and fault tolerance. The access
balance property describes the capability of distributing the data accesses evenly
over the disk drives. It ensures an even disk utilisation if all data blocks are
equally likely to be accessed.
Obviously, space and access balance are dependent. As long as we have only
one copy of each data block, all requests are answered by the disk storing that
copy and, hence, the space balance determines the access balance.
In general, it is easy to find worst case examples for all deterministic schemes
if they are completely known. The only protection against that lies in the use of
randomisation or the fine-grained distribution of data. While the first solution
decreases the likelihood of hot spots, the latter fails due to the special access to
magnetic disk drives. As noted before, the access to any data item smaller than
a block is not efficient.
Considering our abstraction model, we are only concerned with data block
accesses. In operating systems an application generates those accesses through
the underlying file system. These patterns can only be predicted if there exists
knowledge about the file system itself and the access pattern to each data file.
Because this knowledge is hard to predict and may be subject to rapid changes,
a data distribution cannot take this into account. For these reasons, we assume
that all data blocks are equally likely, or we simply have no knowledge about the
access patterns and, hence, try to distribute the blocks as evenly as possible.
The techniques to achieve space balance are quite simple. They can be
grouped into deterministic and randomised approaches. The main determinis-
tic technique is striping [Joh84, PGK88, SGM86, JH00]. Here, the ith data block is
mapped to the disk with the label i (mod n) at position i div n. Remember that
the addresses define an order on the data blocks. Given this simple scheme, full
consecutive stripes (one data unit from each disk) can always be accessed in par-
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allel. Furthermore, complete saturation can be achieved as long as all disks have
the same capacity. There are a number of variations of disk striping. Especially in
multimedia systems, it might be of interest to adjust the stripe length according to
a predefined accumulated bandwidth (e.g. the streaming rate of a media object).
The natural extension of simple striping is the grouping of disks into clusters of
stripe length l and using simple striping within the cluster.
How can the optimal length of a stripe and the size of a data unit be deter-
mined for a given demand? In [CP90] the authors synthesise rules for deriving
these parameters. They show that the size of a data unit only depends on the
number of outstanding data requests and the average performance of a disk, i.e.
positioning time and transfer rate.
There are a number of variations of simple striping which try to break the
very regular structure of this approach. One generalisation is staggered striping
[BMGJ94] that uses a logical clustering of disk drives. Instead of arranging the
data units into clusters of disk drives according to a needed bandwidth, they are
logically distributed over the whole network. Staggered striping defines a stride
g bywhich consecutive data units are separated, e.g. g = 1 defines simple striping.
This gains disk utilisation if data blocks of different bandwidth requirements are
accessed.
A different approach is followed by randomised distribution schemes [AT97,
Bir01, SMRN00]. In general, a data block b is placed on a randomly chosen disk
Dh(b) at a randomly chosen position. In practice, randomisation is implemented
by pseudo-randomhash functions or precomputed randomdistributions [SM98a].
This makes not only randomisation feasible but also gives an efficient access
scheme; a number of lookups is sufficient. A bound for the load di can then be
determined by the balls-into-bins model (e.g. see [RS98] for an overview). The
data blocks are represented by balls and the disks are represented by bins. For
the case that the number of balls p is greater than n logn, the load of each bin
has the order of the mean value (with high probability). In particular, there exists
a bin that receives
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balls with high probability (w.h.p.). Surprisingly, the multiple-choice case, each
ball has the random choice of d ≥ 2 bins, behaves differently [BCSV00]. The au-
thors have shown by using coupling Markov Chains that the load is independent
of the number of balls p. Their simple algorithm works as follows. A number of
p balls are sequentially processed. Each ball has the choice of d ≥ 2 different bins
and picks the one with the smallest load.
A slightly different approach is followed by Sanders et al [SEK00]. Their
goal is to access any batch of t data blocks as fast as possible, i.e. with only t/n
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parallel access operations. Given an arbitrary small  > 0 and a buffer space of
sizeO(n/) (up to (1−) ·n requests have to be handled in every access step) which
hosts nwriting queues, and given that every data block is replicated and put on a
randomly chosen disk, any tdata blocks can be processedwith only dt/ne+1 access
operations. This can be achieved by the combination of a randomised distribution
scheme, some replication, and an optimal scheduling of data requests. They
consider a replication factor of 2 but this could be reduced to 1/r for r < 10. An
optimal scheduling of n blocks is found via some maximum flow computations.
Beginning with a feasible schedule, the flow network is composed of overloaded
and underloaded nodes representing disks. Then, this schedule is successively
improved by flipping edges.
It can be said that the simple striping techniques are sufficient to achieve
an optimal space and access balance as long as the system is static (the number
of disks does not change over time) and the access pattern is balanced (no hot
spots). Randomised approaches possess advantages when it comes to irregular or
unpredictable access patterns. Unfortunately, most of the randomised solutions
work with ideal randomisation which is impossible to implement. So, there is a
large demand for practical evaluations of randomised approaches. Due to their
simple structure, deterministic solutions are currently favoured in practice.
2.2 Availability
Availability describes the ability to retrieve data blocks despite failed disk drives
and, hence, lost data blocks. It is a crucial feature of storage networks consisting
of many disks because the probability of a failure in a collection of disks increases
with its size [PGK88].
The problem of availability can be solved by using redundancy. The easiest
way is to store r copies1 of all data blocks like in RAID level 1 [PGK88] or the PAST
storage server [RD01, DR01]. Naturally, the distribution scheme has to ensure that
the copies are hosted by different disks. The system can tolerate up to brc failures
and is still operational. The faulty disks may be replaced and their contents can
be rebuilt from the remaining copies.
Because a full replication scheme results not only in the necessity to update all
copies in order to keep the scheme consistent but also in a large waste of resources,
more space efficient methods are sought. One of the common approaches is
the use of parity information like in RAID level 4/5 [PGK88, CLG+94], Random
RAID [Bir01], Swarm [MH00, HMS99], and many video servers [BMGJ94, SM98a,
TPBG93, VRG95, AT97]. The key idea is to use redundant information to secure
more than just one data unit. This can be done by deriving the bit-wise exclusive-
1In the storage community, r = 1 is also called mirroring.
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or information of a whole stripe and storing it in an extra parity unit. Assuming
the units reside on different disks, one disk failure can be tolerated. When a
disk failure occurs the faulty disk has to be replaced, and the unavailable data
blocks must be rebuilt by accessing all remaining blocks in its stripe. During
this reconstruction phase, the next failure would be hazardous. Obviously, this
reconstruction shouldbedone as fast as possible aiming tominimise themaximum
amount of data one has to read during a reconstruction [HG92]. This can be done
by choosing a stripe length l less than n. The resulting reconstruction load for
each disk is given by the declustering ratio α = l−1n−1 . If α = 1, as in the RAID level
5 layout, each of the surviving disks participate in the reconstruction.
Using redundancy imposes a new challenge on the data distribution strategy,
because it has not only to ensure an even distribution of data blocks but also an
even distribution of parity information. The reason for this lies in the different
access pattern for data blocks and parity units. First of all, we have to distinguish
between read and write accesses. A full read, a read that requests each unit in a
stripe, can be done by getting any l blocks of a stripe. In contrast, a small write,
the access to some arbitrary block in the stripe, has not only to access the written
data block but also the parity unit because the parity information after a write
may have changed. It follows that the access to the parity unit is more frequent
for writes. There are a number of different approaches to handle this situation. In
RAID level 4 [PGK88] the parity units are all mapped onto the same disk. As long
as the whole stripe is written, this does not impose any problems. Unfortunately,
this is not always the case. Small writes put a lot of stress on the disk storing
the parity information. A solution to this is provided by RAID level 5. Here, the
parity units are spread over all participating disks by permuting the position of
the parity unit inside each stripe. In the ith stripe the parity unit is at position
i (mod l) of that stripe.
As long as the number of disks is equal to the stripe length l this approach
distributes the parity units evenly. The more general case, allowing the length to
differ from n, calls for more complex distribution schemes such as parity declus-
tering [HG92]. The authors propose the use of complete and incomplete block
designs to distribute data blocks. A block design is the arrangement of ν dis-
tinct objects into d blocks or tuples, each containing k elements, such that each
object appears in exactly t blocks, and each pair of objects appears in exactly λp
blocks. For a complete block design one includes all combinations of exactly k
distinct elements from a set of ν objects. Note that there exist
(ν
k
)
possible com-
binations. Furthermore, only three variables are free because d · k = ν · t and
t(k − 1) = λp(ν − 1) are always true.
If we now associate the blocks with the disk stripes and the objects with disks,
the resulting layout, also called block design table, distributes the stripes evenly
over the n disks (i.e. ν equals the length of a stripe l and k equals the number
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of disks n). However, such a block design table gives no information about the
placement of the redundant information. To balance the parity over the whole
array we build l different block design tables putting the parity unit in each of
them at a different position in the stripe. The full or complete block design is
derived by fusing these block design tables together. Obviously, this approach is
unacceptable if the number of disks becomes large relative to the stripe length l,
e.g. a full 41 disk array with stripe length 5 has 3,750,000 blocks. Hence, we have
to look for small block designs of n objects with a block size of l, called balanced
incomplete block designs (BIBDs), which do not need full tables to balance the
parity units. There is no known way to derive such designs algorithmically, and
for all possible combinations of parameters a BIBD might not be known. Hall
[Hal67] presents a large number of them and some theoretical techniques to find
them. In the case that there exists no BIBD for a set of parameters, the use of
complete designs or the use of the next possible combination is recommended.
The approach of using parity information can be extended to tolerate more
than one disk failure. As an example, the EVENODD layout [BBBM94, BBB+01]
can survive two disk failures. This is accomplished by taking the regular RAID
level 5 layout and adding parity information for each diagonal on a separate disk.
Such an approach can be even extended to tolerate t arbitrary simultaneous disk
failures. Gibson et al [HGK+94] showed that in this case t · l1−1/t disks worth of
parity information are needed. Taking fast reconstruction into account, it becomes
obvious that these schemes are only of theoretical interest.
The techniques mentioned so far solve only one of the crucial problems, like
availability or space/access balance. Now, we have a look at distribution schemes
that take both properties into account. In [SS99, SS96] the EVENODD layout is
used together with the parity declustering technique. First, an appropriate BIBD
is chosen. The data units in each stripe in this layout are then replaced by a
complete EVENODD layout. To do so, the data units of the BIBD are partitioned
such that they host a full column of an EVENODD layout. Such a data distribu-
tion can tolerate two disk failures and allows faster reconstruction compared to
RAID level 5 layouts. Furthermore, the authors reduce the problem of finding
a data distribution scheme to the partitioning of the storage network into parity
stripes (defining the length l and the replication factor r). This is accomplished by
using a network flow based method. The idea is further extended in [SSH96] by
defining approximately balanced distribution schemes. The major gain lies in the
construction of such layouts. Three different construction methods are proposed:
randomisation, simulated annealing, and perturbation of exact layouts. The au-
thors implemented a simulation environment and test the behaviour in degraded
mode, i.e. when one disk is faulty, and in reconstruction mode. As a result, the
performance of approximately balanced layouts is very close to the performance
of BIBDs based layouts.
The redundant information used to protect the storage network against disk
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losses can also be exploited to decrease the data access time significantly. In the
case of r ≥ 1, a simple protocol might work as follows. Suppose there exists
information about the queue length of the disk drives, e.g. gathered by probing.
Because each data block has at least two copies, we always access the disk with
the smallest queue length. Using the same arguments as in [RS98] it can be shown
that accesses are very evenly balanced.
In [Bir01] the same technique is applied to parity extended random distribu-
tion schemes. As noted above, any l − 1 units suffice to reconstruct the complete
stripe. Hence, a data access might choose those data units which reside on the
least loaded disks. By similar arguments as in [RS98], this should improve the
load substantially. Note, that some further processing is needed if the parity
information is accessed. This approach is especially interesting for random dis-
tributions because it clips the tail of the disk access queue-length distribution.
The author has implemented some simulations and gives evidence that such a
strategy improves the response time significantly.
2.3 Heterogeneity
Heterogeneity describes the ability to handle disks with different characteristics
efficiently, i.e. use thedisk according to its capacity or its bandwidth. This problem
is easy to solve if all other properties are neglected, but it is challenging if space
balance must also be preserved.
Until recently, little attention was paid to the heterogeneity problem, e.g.
software implementations of the RAID distribution schemes can handle disks
with different capacities, but they simply treat each disk as if it has the capacity
of the smallest disk, resulting in a waste of storage resources.
Given anumber of different diskdrives, an easy andquick solution to theprob-
lem is the clustering of disks according to their characteristics [GS93]. Especially
in multimedia systems, this is a common technique due to varying bandwidth
requirements in such systems. Within a cluster, the placement of data units can
be done optimally with the aforementioned techniques (namely striping). The big
advantage of this approach is its simple extendability. When new disks with new
characteristics enter the system they simply form a new cluster. However, the
clustering approach has a main disadvantage. Adding new (and usually faster)
disks does not improve the response time of all data blocks. Only the access to data
blocks hosted by newer disks are served significantly faster. This also implies that
the response time depends on the cluster a data block is stored in. Assuming that
the access pattern is known in advance, this could be used to avoid hot spots by
putting popular data elements on faster disks. Unfortunately, the access pattern
is usually unknown and may change significantly over time.
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Another approach to handle heterogeneous disks was proposed by Sanders
[San01]. Here, the aim is to design optimal scheduling algorithms for arbitrary
data requests. Each data block is replicated and randomly mapped to different
disks. Then the scheduling problem that arises is transformed into a network
flow problem. The requests are on the left hand side (source) and have an edge
(with weight ∞) to all disks which store a copy of the requested data block. On
the right hand side of the flow network (sink), the disks might be served by disk
controllers and I/O-busses each of which is modelled by a node and an edge
with an appropriate weight to the disks/controllers it is connected to. Now, the
flow problem is solved resulting in a scheduling algorithm for the data requests.
Heterogeneity is introduced by adjusting the edge weights of the flow network
according to the given capacities. The disadvantage of this approach lies in its
batch-like behaviour. For any collection of new requests, a new flow problem
must be solved. Especially for large systems, the number of needed requests to
achieve good results is considerable.
AdaptRaid [CL00, CL01] is a distribution scheme that extends the general
RAID layout so that heterogeneity, in terms of different capacities, can be handled.
The basic idea is very simple. Larger disks are usually newer ones and, thus,
should get more data blocks. Nevertheless, the placement of whole stripes should
be kept as long as possible to gain from parallelism. So far, there are extensions to
handle the case without data replication (RAID level 0) and with fully distributed
parity information (RAID level 5).
The initial idea of AdaptRaid level 0 [CL00] is to put as many stripes of length
l = n on all disks as possible. As soon as some k disks cannot store any more data
units, stripes of length n − k are mapped onto the remaining n − k disks. This
process is repeated until all disks are saturated.
This approach has the major drawback that the access to data stored in the
upper part of the disk is faster than the access to data in the lower part of the disk
drives because of the different stripe length. Furthermore, the assumption that
newer disks are faster is not generally true. The following generalisation copes
with both problems. First, we define the utilisation factor UF ∈ [0, 1] as the ratio
between the capacity of a disk and its bandwidth. This factor is determined on a
per disk basis, where the largest disk always hasUFi = 1, and all other disks get a
UF according to their capacity relative to the largest one. These values should be
set by the system administrator. To overcome the access problem, data patterns
are definedwhich capture the overall capacity configuration. These patterns have
a similar structure to the patterns of the initial idea, but they are kept smaller such
thatmany of them canfit on a single disk. The size of these patterns ismeasured by
the second parameter, namely lines in a pattern (LIP). In general, this parameter
is an indicator of the distribution quality of the layout and is measured by the
number of units in the pattern that are mapped to the largest disk. The overall
data layout is definedby repeating these data patterns until the disks are saturated.
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The access to data blocks is twofold. In the first phase, the correct pattern
has to be found. This can easily be done because the size of a pattern, i.e. the
number of units it contains, is known. Then, the requested data unit is found
by accessing the pattern itself. The space resources needed to access any data
element is proportional to the size of the pattern.
The performance of AdapRaid0 is tested using a disk array simulator. The
tests are conducted with varying ratios of fast and slow disks2. Two different
scenarios are tested. First, the performance is compared to a RAID level 0 layout,
which treats all disk equally and using only small portions of the faster ones.
Naturally, AdaptRaid0 can shift the load from slower disks to the faster ones
resulting in a performance gain of 8% up to 20% for read accesses and 15%
up to 35% for write accesses. The second scenario compares AdaptRaid0 to a
configuration that contains only fast disks. This is reasonable because it gives an
evaluation of the usefulness of keeping older disks in the system and, therefore,
measures the impact of parallel disk accesses. The experiments show that the
performance gain is more pronounced in read accesses, e.g. in an array with 2
fast and 6 slow disks the read accesses can be answered 10% faster than in a fast
disk only configuration.
It can be concluded that the exploitation of heterogeneity gains a significant
performance speedup.
AdaptRaid level 5 [CL01] is the heterogeneous variant of RAID level 5. It
uses the same simple idea as AdaptRaid0, mainly to put more data units on
larger, usually faster, disks. The distribution problem is more complex, because
to guarantee a fast reconstruction time, the parity information must be evenly
distributed as well.
Following the same approach as in AdaptRaid0 and keeping the parity distri-
bution of RAID level 5 results in a small write problem. Such a layout has stripes
of different lengths. From the distribution point of view, this is not a problem, but
when it comes to performance the situation is different. Note that the parity unit
needs to be updated every time a data unit is written. Hence, file systems should
group the data requests such that full stripes could be written as often as possible.
Such a technique avoids many small writes and works well when the stripe size
is fixed. Unfortunately, this is not the case here and, therefore, such optimisations
would be useless for the proposed data layout.
This problem can be avoided by restricting the stripe length of each stripe to
integer divisors of the length of the largest stripe. This leads to a heterogeneous
layout whichmaywaste some capacity. However, a careful distribution of the free
units significantly improves this scheme. First, the layout should be independent
of the number of disks still participating. This can be achieved by letting each
2The faster disks possess roughly double the performance parameters, such as average seek time,
short seek time, and local cache.
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stripe start on a different disk. The welcome effect of this transformation is the
even distribution of the wasted free space over all disks, instead of concentrating
them on a few disk drives. Now we can get rid of the wasted capacity by using
a ’Tetris’-like algorithm. The holes of free units are filled with subsequent data
units from stripes further below; data units from these stripes ’move’ upwards.
Because the free spaces are distributed over all disks, whole stripes can be added
at the end of the pattern. The layout is still regular, and only the size of one pattern
is need to locate any data unit. As in the AdaptRaid0, we generalise the solution
by defining two parameters. As before, UF is the utilisation factor describing the
load of a disk related to the largest disk. Similar to LIP, the parameter SIP, stripes
in pattern, controls the distribution of patterns over the whole array.
For the practical evaluation, the same simulator as for AdaptRaid0 is used.
The new approach is tested against a RAID level 5 and a homogeneous config-
uration of only fast disks3. Obviously, both approaches waste some capacity in
one way or another. The performance is measured for reads, small writes and full
writes. It could be observed [CL01], that AdaptRaid5 is almost always the best
choice and scales gradually with an increasing number of fast disks. Only when
large chunks of data are read, the method is outperformed by the homogeneous
configuration of only fast disks. This is due to the fact that the slower disks can-
not deliver the data units appropriately. When full stripes are read, they form a
bottleneck in the system. Nevertheless, when simulations of real workloads are
used, the performance gain of the new approach is around 30% if only half of
the disks are fast disks.
A different kind of heterogeneity is used in the diskmerging approach [ZG00].
Here, the aim is not only to provide heterogeneous bandwidth distributions but
also to increase the reliability of the system.
The disk merging approach constructs a homogeneous, logical view out of
a physical collection of disks. Each physical disk Di is partitioned into ki ∈ R
equal sized extents. These extents are arranged into G parity groups, the logical
view of the system. The parity groups themselves are homogeneous and consist
of l extents each. It is possible that an extent gets capacity and bandwidth from
different physical disks. The data distribution scheme simply stripes the data
units over the parity groups.
How many parity groups are possible? In order to ensure the fault tolerance
of the system enforced by the striping strategy used, each extent in every parity
group has to come from a different physical disk. Let Dt denote the number of
logical extents in the system. Then, the number of parity groups has to fulfil the
following inequality:
G ≤
⌊
i
Dt
ki
⌋
0 ≤ i ≤ n
3In the experiments, the number of fast disks varies from 2 to 9 disks.
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To show the reliability of the system, the behaviour is modelled by different
processes like the failure process and the reconstruction process. Because the
mean time to failure of any disk can be estimated, the time of these processes
can be estimated too. Using a Markov model [Gib91], the mean time to service
loss (MTTSL) is derived for such a heterogeneous system. It is shown that the
reliability differs from the best possible configuration, namely the clustering of
identical disks, by a factor of about 10.
Nevertheless, this approach still needs the experienced hand of an adminis-
trator and the performance strongly relies on his decisions.
Randomisation alone can also be used to handle heterogeneity. The initial
idea is to put more data units on larger disks. This is done as follows. Recall that
c j = C j/Ctotal is the share of disk D j. Note that
∑
1≤ j≤n c j = 1. Now, c j is used
as the probability of putting a data unit on disk D j. In the long run, this would
roughly saturate the disks according to their capacity. Nevertheless, there might
be significant short time imbalances.
The RIO media server [SM98b, SM98a] uses the idea mentioned above. It is
a generic multimedia storage system capable of efficient, concurrent retrieval of
different types of media objects. Furthermore, it supports real-time data delivery
with statistic response time guarantees. The randomised distribution scheme that
is used is very simple. The data units are placed on a randomly chosen disk at a
randomly chosen position4. Heterogeneity may occur in different disk capacities
and varying bandwidth properties. As noted before, randomisation ensures a
good balance in the long run, especially when it is used in conjunction with
replication. In addition, RIO also exploits redundancy to improve the short time
balance by carefully scheduling the data requests.
Is it possible to optimise both capacity and bandwidth simultaneously? The
simplest way is a coupling of bandwidth and capacity by defining the bandwidth
to space ratio BSR = bi/Ci. The higher the BSP the faster the disk can deliver
all its data units, hence, the more data units should be mapped to these disks.
Obviously, the disks with low BSR present the bottleneck in the system. The main
idea for a better balance is to shift some of the load from disks with low BSR
towards disks with high BSR. This can be done using replication and putting
some copies on disks with high BSR. However, howmuch redundancy is needed
to sustain a given load? This question can be answered by using the following
approach. First, the disks are grouped into t clusters according to their BSR and
sorted in ascending order. Let Ni be the number of disks in cluster i. Further let
Si =
∑
1≤ j≤Ni Ci and Bi =
∑
1≤ j≤Ni b j be the accumulated capacity and bandwidth
in cluster i, respectively. Let S and B define the total capacity and bandwidth in
the storage network and let S′i = Si/S and B
′
i = Bi/B be the relative capacity and
4The latter is only important for the theoretical analysis. A practical implementation can only ensure
pseudo-random behaviour.
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relative bandwidth of cluster i, respectively. The relative bandwidth space ratio
can then be defined as BSi = B′i/S
′
i . For a homogeneous system, BSi = 1. The
cluster with the lowest BSi is the most stressed cluster, not only because its disks
have the slowest bandwidth but also because they host a large proportion of the
data units. The number of data units that can be stored in the system is defined by
U = S/(1+ r) where r denotes the replication rate. In formal terms, we want to use
replication to shift the stress from clusters with BSi < 1 to clusters with BSi > 1.
Howmuch replication is needed to sustain a certain maximal load λmax ≤ B ?
To answer this question, we have to distinguish between two different cases. Let
ρ = λmax/B be the average disk utilisation. If ρ = 1 we have full utilisation and if
ρ < 1 the disks are only partially utilised. Let’s consider full utilisation first. It can
only be achieved, if the load directed to a cluster i is of the order of its bandwidth
Bi. Themaximum load that can be directed to any cluster i is reachedwhen all data
units stored in this cluster are distinct and all accesses to these data units are sent
to i. Hence, the maximal load can be computed by λi = λmax · SiU = ρ ·B · (1+ r) ·S′i .
To use all the available disk bandwidth on the system, we have to fulfil λimax ≥ Bi .
This is satisfied if BSi ≤ (1+ r) for all 1 ≤ i ≤ m . It follows that the replication rate
can be expressed by r ≥ maxi{BSi} − 1 = BSm − 1 .
In a similar way, one can determine the minimum replication rate to ensure
partial bandwidth utilisation. Furthermore, it can be shown that this replication
rate is sufficient to achieve the desiredutilisation bydefining adistribution scheme
mapping replicated data units to clusters according to their BSR.
2.4 Adaptivity
Adaptivity describes the ability to react to changes in the configuration of a storage
network efficiently. By changes wemean all modification induced by the addition
or removal of disks or any other change in the capacity distribution. We use the
number of replaced data blocks needed to ensure space balance as a measure for
the efficiency of adaptivity. Note that adaptivity without other restrictions does
not make sense.
Adaptive distribution schemes are relatively new. A first but very limited
approach is introduced in software RAID systems [Cor99]. Here, spare disks are
used to counteract the higher risk of disk failures in storage networks. The storage
network is extended by a number of unused spare disks which take over when a
disk fails. Furthermore, the distribution scheme has to possess some redundancy
because the contents of the failed disk has to be reconstructed on the spare disk.
Such an approach has two main drawbacks. First, there is some capacity in the
system that is not used, namely the spare disks. Second, it does not ensure the
expandability of the system due to growing storage demands.
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A different approach is proposed by Leighton et al [KLL+97, Lew98]. This
randomised method maps every block into a real [0, 1) interval using a random
hash function h. Furthermore, for each disk Di, k real number, called disk points,
are mapped into the same interval by the random hash functions g1, . . . , gk. A
block b is assigned to disk Di if its hash value h(b) is closest to any of the hashed
disk points g j(i) for 1 ≤ j ≤ k. It is described inmore detail in Section 3.1.1 because
we need this strategy later in Section 3.2.2 Despite its generality, this approach is
not able to handle heterogeneity efficiently. The obvious extension would be to
change the number of disk points k such that the number of disk points a disk
gets is according to its capacity. However, this would require an increase in the
number of points to
Ω
(
min
{
Cmax
Cmin
, p
})
where Cmin is the capacity of the smallest disk in the system and Cmax is the disk
with the largest capacity, in order to ensure that after every change operation the
space balance property is still met. Thus, in the worst case, the number of disk
points would be proportional to the number of blocks in the system. On the
other hand, if we restrict the number of disk points to be significantly below p
the strategy cannot guarantee the space balance property for all possible capacity
distributions. To see this, just consider two disks D1 and D2 with C1 = c/p and
C2 = (p − c)/p for some constant c > 0. In that configuration we need Θ(p) disk
points to guarantee space balance.
Sanders [San01] follows a different approach. Consider a system of n parallel
disks and a continuous stream of data requests for data blocks stored on the disks.
Furthermore, the data blocks are replicated in some form. For the mapping of
data blocks and their copies, a randomised approach is used, i.e. each data block
chooses a disk uniformly at random, such that neither two copies nor two blocks
in a parity stripe reside on the same disk. The question to be answered is the
following: How can a number of N arbitrary reading requests be scheduled such
that the number of parallel I/O operations5 is minimised? In an earlier work
[SEK00], it is shown that it is possible to find a schedule in almost every round
for (1 − ) · n new data blocks if we allow n write queues, one for each disk,
with an overall consumption of O
(
n

)
. The authors use a flow network approach.
In this network, the source is connected to all nodes representing a data block
with an edge of weight 1. All request nodes have an edge to a disk node if the
requested data block is stored on this disk. Note that due to the used replication
each request has more than one outgoing edge. To find an optimal schedule, a
sequence of maximum flow computations need to be solved.
5Note that we can read one data block from each disk in parallel with only one parallel I/O operation.
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In [San01], this model is extended to handle more complex scenarios, which
include heterogeneity in form of physical disk access structures, disk failure, and
dynamic introduction of spare disks.
Heterogeneity is dealt with in two different ways. First, the randomised data
placement is extended such that theprobability of adata blockbeingplacedondisk
Di is biased with the capacity of that disk. As long as the number of data blocks is
large enough, each disk stores a share of the blocks according to its capacity. The
second kind of heterogeneity is introduced in the flow network determining the
schedule of requests. Instead of connecting every disk directly to the target node,
an arbitrary hierarchy of access stages, like I/O controllers, I/O busses and the
like, are introduced. Hence, not only the congestion at the disks but also possible
communication bottlenecks in the physical access path could be modelled.
The approach is also capable to adapt to changes. The system is able to
handle spare disks and so-called virtual spares. It is shown that the restricted data
placement, where different copies reside on different disks, decreases the quality
of the scheduling in such a way as if it would consist of n − 1 instead of n disks
w.h.p. When a disk fails, a spare disk can take over storing all the reconstructed
information from the failed disk. Unfortunately, this method does not take into
account the capacity of the newdisk. For example, consider the following scenario.
DiskD f is failing and has a capacity ofC f . It would be replacedwith space diskDs
with capacity Cs. As long as the capacities are different, the resulting distribution
is skewed because Ds does not get a share according to its capacity Cs. Hence,
the space balance property is violated, and an almost complete utilisation of the
system can not be achieved.
Should one not be willing to waste the capacity of spare disks, it is possible
to redistribute the data blocks from the failed disk Di over all remaining disks
using so-called forward hash functions fi. They distribute the blocks of a failed disk
evenly over all remaining disks. However, this method has a main drawback.
The more disks fail, the more complex the scheduling gets. This is due to the fact
that each time a disk fails the flow network needs to be adjusted to the changed
positions of the data blocks.
To summarise, this approach has limited capabilities to handle heterogeneity
and adaptivity. It is able to use randomisation to distribute data blocks over
different sized disks. Furthermore, it can model bottlenecks other than disks
only. With respect to adaptivity, only the failure of disks is supported. It is not
possible to adapt the disk storage to changing demands. Furthermore, to schedule
a batch of data requests, one has to build a specific flow network and solve a
number of maximum flow problems. This does have implications on practical
implementations. Taking standard state-of-the-art Storage Area Networks (SAN),
adata block canbe accessedwithinmilliseconds. Thiswould set a verydemanding
time window for the computation of the schedule.
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2.5 Complexity Issues
To finish the previous results, we ask a question that should be the starting point
of every serious research. What is the complexity of the data placement problem
in general? The answer to this question highly depends on the optimisation goal
behind the placement. The previous sections defined some of the goals we want
to achieve. However, we like to go back to very basic properties, like disk utili-
sation and load utilisation. Furthermore, we simplify the problem significantly
by assuming that all accesses are known in advance. Surely, we are not able to
find such information on the level of data blocks. This model is more interesting
when larger multi-media objects, like complete films, are concerned because this
information is related to the number of clients who want to access a data object.
One should note that the space utilisation alone is easy because taking any
free position on any disk suffices. The task evolves into a problem as soon as we
demand another property, e.g. load restrictions for each disk. This problem is
investigated as the data placement problem in [ST01, ST02, GKK+00]. You are given
N disks with a storage capacity Ci denoting the number of objects it could store
and a load capacity Li denoting the number of accesses it could sustain, for all
1 ≤ i ≤ N. Furthermore, all accesses to the objects are given in advance. The data
placement problem is defined by maximising the number of accesses without
violating the capacity and load restrictions for each disk. Note that a disk can
store a data object only once but is able to sustain up to Li accesses6. Shachnai and
Tamir show that this problem is NP-hard and proposed a simple algorithm, called
sliding window, that is a factor of cc+1 away from the optimal, where c denotes
the number of objects stored on each disk (Ci = c for all i in the uniform case).
Golubchik et al [GKK+00] make this bound tight and show that only a fraction of
1
(1+
√
c)2
is not placed using the sliding window algorithm. Furthermore, they find
a polynomial reduction to the 3-PARTITION problem [GJ79] and conclude that
the data placement problem is NP-complete for c = 2 and NP-hard for c ≥ 3.
The mapping of data objects to disks is not the full monty. The access pattern
may change due to changed preferences, disks may fail, or new disks may be
added. All these reason lead to a new mapping and the question of transferring
one configuration into the other. Obviously, the number of migrations, the move-
ment of a data object from one disk to another, should be minimised. However,
not only the migration volume is important. A very interesting question in that
context is the associated migration plan or schedule. In other words, which disk
sends/receives which data object to/from which disk in which round of the migra-
tion process. Hall et al [HHK+01] considered the problem of finding an optimal
movement of data objects. They model the problem with a demand graph G in
6This is only true if the load capacity Li is chosen according to the sustained access rates and not
according to the maximal (sequential) access performance.
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which each node corresponds to a disk and two vertices u and v are connected by a
directed edge (u, v) if u has a data object that v needs. At any given time, each disk
can only send or receive one data object. Furthermore, all disks are connected and
all data objects have the same fixed size. Now, one could easily divide any sched-
ule into stageswhere each of them consists of a number of compatible sends. Thus,
the datamigration problem is exactly themultigraph edge colouring problem and,
hence, NP-complete [HHK+01]. Nevertheless, there are good approximations.
Due to the send/receive rule, the maximum degree ∆ over all nodes gives
a lower bound on the number of stages needed. Three different scenarios are
investigated. The first must send the data objects directly to its targets while
the second scenario may send it to some intermediate nodes, called bypass node,
before forwarding the data object to its target. Clearly, the number of bypass
nodes should be small. In the strongest version, the free memory of each node is
restricted. In other words, it is not possible that the number of incident in-edges
minus the number of incident out-edges exceed the free space of the device. They
found migration plans that need 4 · d∆/4e stages and n/3 bypass nodes for the
space restricted case. In the case that no bypass nodes are allowed, their best
algorithm needs 6 · d∆/4e stages.
Khuller at al [KKW03] take the data migration one step further by incorporat-
ing the possibility of generating new copies. That cloning can help the migration
is very easy to see. Consider the lower bound of ∆, i.e. the largest degree of a
node in the demand graph. If one allows the copying of data objects this bound
does not hold anymore. To see this, consider a node v with out-degree ∆. In the
former model, this node has to send a data object to each of the adjacent nodes
u1, . . . , u∆. Let v send the data objects in this order. At any time t ≥ 2, node v
is not obligated to send to all adjacent nodes anymore because all nodes u j, for
which j < t, have the objects and can copy and send them too. Note that this is
essentially different from bypassing nodes.
With the cloning property the migration problem is related to broadcasting
and gossiping problems. In a broadcast, one node has an object that it wants
to communicate to all other nodes. The more general form of a broadcast is the
gossiping problem where each node has an object that it wants to convey to all
other nodes. There are two main differences from the migration problem. First,
each node has to communicate an object only to a subset of all nodes. Second,
each node is in the possession of more than one object. Of course, the migration
problem with cloning is NP-complete. This can be shown by a reduction to the
edge colouring problem [KKW03].
The authors design (a rather complicated) approximation algorithm that
achieves a 9.5-approximation for the data migration problem with cloning. Their
algorithm solves a number of flow problems. Let β be the maximal number of
objects a disk gets and let α be the number of objects a node is source of as well
as destination to. Then a unique source is chosen for each object such that α is
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minimised. Using this source, they define transfer graphs distinguishing between
objects needed by more than or equal and less than β disks. In a final step, the
edges of this graph are coloured. This can be done because the out-degree of
each node is bounded.
There are some practical works concerning migration [AHH+01, CGL99]. In
[KKW03] the authors describe some preliminary performance results. They found
that their algorithm is inferior to simple matching heuristics if the sources and
destination nodes are distributed according to a Zipf distribution. In [CGL99] the
authors discuss some interesting aspects of migration such as tradeoffs between
using resources for replication and using resources for servicing requests. They
raise some interesting questions but do not give sufficient material to propose
a solution. The most comprehensive practical evaluation is done in [AHH+01].
The authors compare the performance of five different migration algorithms, two
new ones (Greedy-Matching and Max-Degree-Matching), and three proposed in
[HHK+01] (2-factoring, 4-factoring direct, and 4-factoring indirect). Both of the
new algorithms find their solution via a number of maximum matchings. While
the latter finds an optimal migration plan, nothing is known about the worst-
case bounds of the Greedy-Matching algorithm. All algorithms are tested with
the same test graphs that come from 4 different classes. First, they considered
load-balancing graphs which are generated using real world applications (data
warehousing application). The second class of graphs consisted of randomly
chosen general graphs, i.e. the graphs are generated by taking n nodes and
picking m edges from all possible edges uniformly at random. This class is used
to study the varying density of demand graphs. The third class are regular graphs,
i.e. every node has degree d. To generate these graphs, d/2 randomly chosen 2-
regular graphsovernvertices are edge joined. The last class consists ofZipf graphs.
Any graph in this class has minimum degree dmin and the node degrees follow the
Zipf distribution, i.e. the number of nodes with degree d is proportional to 1/d.
For load-balanced graphs, they discover that the number of bypass nodes
is always far less than the theoretical bound even for large graphs consisting of
up to 300 nodes. The newly proposed Max-Degree-Matching needs almost no
bypass nodes at all. Furthermore, the theoretically unbounded Greedy-Matching
approach performs better than, in terms of the number of stages, the 4-factoring
algorithm. For the random graphs, they test against varying the number of nodes
and edges. In all experiments the number of stages needed increases very slowly
with increasing density, number of nodes, and degree. Nevertheless, they are
always much lower than the theoretical bounds suggested. In particular, Max-
Degree-Matching uses almost always less bypass nodes than 2-factoring and the
Greedy-Matching always takes less stages than 4-factoring. For the number of
bypass nodes it is interesting to note that their number is 10 times smaller than
the theoretical bounds suggested.
All the research mentioned above is related to our approach insofar, as we
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face similar obstacles. The requests to any arbitrary number of data blocks has
to be evenly distributed over all participating disks in the network. We have to
take this more conservative approach because we have no knowledge about the
access pattern generated by higher applications. However, as we have seen, even
this additional information leads to NP-hard problems if we are interested in the
optimal solution. Hence, the use of randomisation is more than justified.
The same is true for adaptivity. The addition and removal of disks results in a
change of access pattern. In the migration problem, objects need to be replaced to
match changed demands, whereas we try to keep an even distribution to enhance
as many parallel accesses as possible. Further, the migration research suggested
that it is a difficult problem to find an optimal migration plan supporting the use
of randomisation even further.
C       3
Adaptive Data Distribution
Strategies
The field of adaptive data distribution strategies is rather new. As noted in the
last chapter, there are only a few algorithms which can handle adaptivity in a
uniform setting well (see also [Sal03]). In this chapter, we introduce and analyse
our newapproaches. We startwith data distribution strategies for uniform storage
networks, because homogeneity is much easier to handle. The first strategy is the
Nearest Neighbour strategy [KLL+97], also known as consistent hashing. Because
it is used as a subroutine in a later algorithm, we state its main properties and give
sketches of their proofs concerning our desired properties. We finish the first part
by presenting the Cut-and-Paste strategy [BSS00]. This simple algorithm is able
to achieve a distribution that is superior to that of the Nearest Neighbour strategy.
We show that the quality of the distribution only depends on the hash function
used. Furthermore, the number of computations needed to access an arbitrary is
always logarithmic in the number of disks.
The second part of this chapter introduces adaptive distribution algorithms
for heterogeneous storage networks. We begin with the natural extension of the
Cut-and-Paste, namely the Level strategy introduced in [BSS00]. It is capable of
handling heterogeneity, but the analysis shows that there are some effects that
prevent a good competitive ratio.
Thiswas good reason to propose twomore strategies, namely Share and Sieve
[BSS02], that overcome the deficiencies of the Level strategy and define the first
practical approach to solve the adaptive data distribution problem for heteroge-
neous storage networks. Share works in two phases. The first phase transforms
the problem into a number of homogeneous ones. In the second phase, any uni-
form strategy with certain properties can be used to solve the generated uniform
subproblems. The Share strategy shows not only good theoretical behaviour but
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is also easy to implement. Hence, we chose it for our implementation given in
the next chapter.
In contrast to Share, the Sieve strategy relies heavily on random hash func-
tions. As the name suggests, it works like a multistage filter. Each stage needs
a new hash function and maps a number of blocks to the disks. The number of
stages is logarithmic but it must be extended additionally by f the quality param-
eter to guarantee to adaptivity. We show that its adaption and distribution quality
are very good, but the extensive use of randomness reduces its practical value.
3.1 Strategies for Homogeneous Networks
We begin the discussion of adaptive distribution strategies by analysing the uni-
form case. It is significantly easier because we know in advance which fraction
of used blocks a new disk gets and how many each of the disks has to supply to
achieve good adaptivity. In this setting, all disks of the storage network have the
same properties, i.e. Ci = C j for all i and j. Note that we restrict the heterogeneity
to capacity only.
In the following, we introduce twouniform strategies: theNearestNeighbour
strategy and the Cut-and-Paste strategy and analyse them regarding adaptivity
and space balance.
3.1.1 Nearest Neighbour Strategy
The Nearest Neighbour strategy was introduced by Karger et al [KLL+97] as con-
sistent hashing. It is part of a global distribution scheme for web-based contents
and is described inmore detail in [Lew98] and applied toWeb caching in [KSB+99].
Likemost of the adaptive distribution strategies, the Nearest Neighbour strat-
egy relies heavily on random hash functions. To simplify the description, we
define by N the maximum number of disks in the system. At any given point in
time, there are n disks in the network. Let M be the size of the universe U from
which the blocks are drawn.
The strategyworks as follows. Supposewe are given a random hash function
fB and a set of independent, random hash functions g1, . . . , gk, where k may
depend on n. We use the first function fB : {1, . . . , M} → [0, 1) to map the blocks
uniformly at random to real numbers in a [0, 1) interval, and each of the k functions
g j : {1, . . . , N} → [0, 1) assigns a real number from the same [0, 1) interval to each
of the disks. The hash value fB(b) of block b is called block point, while the hash
value gk(i) of disk Di is termed disk point.
For the assignment of blocks to disks, we view the [0, 1) interval as a ring. A
disk Di stores all blocks b that have a hash value fB(b) that is closest to any of the
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Figure 3.1: The general approach of the Nearest Neighbour strategy.
disk points of Di, i.e. it stores all blocks b for which
min
j
min
{
| fB(b) − g j(b)|, 1 − | fB(b) − g j(b)|
}
(3.1)
is minimised. In other words, each disk point g j(i) defines an arc ai j for which the
diskDi is responsible, i.e. it hosts all the blocks falling into that arc. The mapping
of blocks to disks is depicted in Figure 3.1.
Given the above strategy, we can compute the position of an arbitrary block
b very efficiently as stated by the next theorem.
Theorem 8 [KLL+97] The Nearest Neighbour strategy can access an arbitrary block in
expected constant time if each disk uses k = Θ(logn) disk points.
Proof (sketch). We can show this theorem by constructing a data structure that
achieves this bound. To simplify the description, we start with a structure that
needs O(logn) computations to get the position of b. Note that we have c logn
arcs per disk where each arc represents a subinterval of [0, 1). So we can employ
a balanced tree with c · n logn leaves storing the arcs. Hence, the height of the
tree is bounded by O(logn). To access some block b, we only need to find the
corresponding interval in the tree.
To get an expected constant time, we divide the [0, 1) interval into roughly
c · n logn segments of equal size. For each segment we use a separate search tree
to handle all arcs that fall within it. To access the position of b, we have to find
the right segment that the appropriate block point falls into (can be done in time
O(1)) and then query the attached search tree for the correct interval. The latter
takes only O(1) computations because the number of intervals in each segment is
expected to be constant. The problem of updating the search trees can be reduced
by using only arcs of size 12x for some x ∈ N. During the process of adding
new disks, arcs are bisected, amortising the induced overhead gradually over all
operations.
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Theorem 9 [KLL+97] TheNearestNeighbour strategy is space balanced for k = Ω(logn)
for any p blocks drawn from the universe U. The strategy can guarantee that every disk
gets O
( p
n
)
blocks w.h.p.
Proof (sketch). We sketch only the idea of the proof here, because it follows
straightforwardly from the proofs given in [KLL+97].
As can be seen in Figure 3.1, each of the disk points g j(i) are responsible for
an arc ai j . The number of blocks mapped to disk Di is the sum of all blocks that
fall into one of the k arcs of diskDi. Now it is easy to compute the probability that
an arc has a certain length, with regard to the hash functions gi. To show that the
Nearest Neighbour strategy is space balanced, we simply derive the number of
blocks that fall into all the arcs of diskDi. It can be shown that k = Ω(logn) suffices
to achieve high probability. Obviously, the space balance is better the larger one
chooses k.
Before we analyse the adaptivity, we have a closer look at the dynamic be-
haviour of the Nearest Neighbour strategy. When the number of disks changes
from n to n+1, k new disk points are mapped into the [0, 1) interval decreasing the
size of at most 2k arcs. All blocks for which Property (3.1) changes are mapped
to the new disk Dn+1. We have to distinguish two situations in which blocks are
replaced. The first, as noted above, arises when the number of disks changes from
n to n + 1. However, we also have to ensure that the number of disk points is
always at least Ω(logn). The latter problem could be tackled by using c · logN
points in the beginning, whereN should be the expected size of the network. Then,
as long as n ≤ Nc, we do not need to increase the number of disk points.
(N)c ≥ n
2c·logN ≥ 2logn
c · logN ≥ logn
The above reasoning results in the following lemma.
Theorem 10 [KLL+97] The Nearest Neighbour strategy is 1-competitive in the expected
case for k = Ω(logN).
Proof (sketch). We can apply the same arguments as in Theorem 9. Whenever
we map new disk points into the [0, 1) interval, the hash functions ensure that the
sum of the arcs are roughly the same. To prove the theorem, we need to ensure
that blocks are only mapped to newly inserted disk points. Obviously, this is
the case since the only blocks that are replaced are those for which Property (3.1)
changes, and that happens only if a new disk point, which is closer to to some old
disk point, is inserted.
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Figure 3.2: The general approach of the Cut-and-Paste strategy.
Looking closer at the Nearest Neighbour strategy, some properties become
apparent. First of all, weneeda rather largenumber of independent hash functions
to achieve a good space balance. The parameter k can quickly grow up to a
thousand, increasing the overall resource consumption significantly. Furthermore,
the size of the arcs associated with any disk Di is not equal for all disks, i.e. the
distribution quality does not only depend on the quality of the hash functions gi
but also on the parameter k. Due to that fact, the strategy can only guarantee a
space balance of O
( p
n
)
. As we will see in a later chapter, this is an issue in practice.
3.1.2 Cut-and-Paste Strategy
The Cut-and-Paste strategy was introduced in [BSS00] and aims to improve on
the distribution quality compared to the Nearest Neighbour strategy. It works
in two phases. In the first phase, the data blocks, drawn from the universe U,
are hashed into the real interval [0, 1) using the pseudo-random hash function
h(b) : U → [0, 1). Whether or not the blocks are evenly scattered over the whole
interval depends only on the quality of this function. In the second phase, an
assimilation function fn cuts the interval into ranges r = [lb,ub) and assigns them
to the n disks of the storage network. All blocks bwhose hash value h(b) falls into
range r are mapped to the disk r is assigned to (see Figure 3.2).
The assimilation function fn has to ensure that all disks get the same share
of the [0, 1) interval. Furthermore, the mapping establishes that only the optimal
number of blocks are replaced when a change in the number of disks occurs. To
simplify the description, let’s denote by ri = [lb,ub) a range mapped to disk Di.
When more than one range is assigned to a disk, they are fused together to form
the range ri = [0, 1/n) of size 1/n. Note that we are in the uniform setting and,
hence, each disk should get an equal share of ranges.
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Figure 3.3: The transition from n to n + 1 disks. The uppermost part of all disks is
cut and concatenated to the new local range of disk Dn+1.
We describe the assimilation function from the adaptive viewpoint, i.e. char-
acterise its behaviour in the case of a change in the number of disks. Suppose,
the number of disks changes from n to n + 1. Then, fn performs the following
transition. It cuts off the highest part of each local range, namely ri =
[
1
n+1 ,
1
n
)
(i ≤ n) and concatenates them to the new local range rn+1 =
[
0, 1n+1
)
for disk Dn+1
such that r0 =
[
1
n+1 ,
1
n
)
comes topmost. More formally, we map ri =
[
1
n+1 ,
1
n
)
to
rn+1 =
[
n−i
n·(n+1) ,
n−i+1
n·(n+1)
)
. This process is illustrated in Figure 3.3.
The assimilation function defines not only the mapping of ranges to disks
but is also the foundation for the access of data blocks. Given a block b, let
hi(b) ∈ [0, 1/i) be the height of that block in the presence of i disks. Initially, h1(b)
equals h(b). Whenever a range containing hi(b) is moved to a new disk, the height
is adjusted according to the new local range1. In other words, moving a range
r from disk Di to D j induces the replacement of all data blocks which had fallen
into that range.
To calculate the disk that stores block b, we ’simulate’ the replacements b
would have performed if the storage network would have been built up from one
to the current number of n disks. By simulate we mean the identification of such
transitions that coursed the adjustment of the height hi(b) of block b. Because of
the adjustments, the identification of a replacement situation is simple, it happens
if the height of blocks b is less than 1/ j for some j ≤ n. Therefore, we could derive
the next disk D j by
j =
⌊
1
hi(b))
⌋
+ 1 . (3.2)
1This is done in the same way that the boundaries of cut ranges are adjusted to fit inside the newly
fused local range.
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Figure 3.4: The stepwise assimilation in the uniform case. We simulate the growth
of the storage network from 1 to n disks and track the height of the blockwhenever
it is replaced.
We could stop the calculation as soon as j ≥ n. The access of an arbitrary block
b is depicted in Figure 3.4.
Analysis of the Cut-and-Paste Strategy
In this section, we prove the quality of the Cut-and-Paste strategy. We start by
showing the space balance property. Obviously, the assimilation function ensures
that each disk in the storage network gets the same share of the [0, 1) interval. If
we add up the size of the ranges mapped to Dn+1 when increasing the number
of disks by one, we get
n · 1
n(n + 1)
=
1
n + 1
.
The cutting process ensures that all other disks also have a range of size 1n+1 .
Hence, all disks get the same share of the interval and the space balance depends
only on the pseudo-random hash function h(b).
We start the analysis with two auxiliary lemmata deriving the number of
blocks that fall into any range in the expected case and with high probability. This
enables us to bridge the first phase of the Cut-and-Paste strategy such that we
have to concern ourselves only with the size of the ranges.
Lemma 11 Let p be the number of blocks hashed into a [0, 1) interval by a random hash
function h(b). Then, any range of size l ∈ R of the [0, 1) interval is expected to contain
p · l blocks.
Proof. Consider any of the p blocks. Any value in the [0, 1) interval is equally
likely to be the hash value h(b) because of the randomness of h. Note, that the
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size of the whole interval is 1. Therefore, the probability of b falling into a range
ri = [lb,ub) of size l = ub − lb is equal to l,
Pr[h(b) falls into range of size l] = l .
Furthermore, the hash function h ensures that each of the p blocks is independent
of each other. Hence, the expected number of blocks falling into a range of size l
is equal to p · l.
Lemma 12 Let p be the number of blocks hashed into a [0, 1) interval by a random hash
function h(b). The number of blocks in any range ri = [lb,ub) of size l = ub− lb is at most1 + O

√
logn
l · p

 · p · l w.h.p.
if p · l > logn.
Proof. From Lemma 11 we already know that the expected number of blocks in a
range of size l is p · l. Because the random hash function ensures the independence
of the hash values of each of the p block, we can apply the Chernoff bounds
(Lemma 6),
Pr[X ≥ (1 + δ) · µ] ≤ e−min{δ2, δ}·µ .
To prove the lemma, we need to derive the right δ and show the high probability
property. If we set δ to
δ =
√
3 · logn
p · l , (3.3)
the Chernoff bounds give us
Pr
X ≥
1 +
√
logn
p · l
 p · l
 ≤ e−
(√
logn
p·l
)2
·p·l
= e− logn (3.4)
=
1
n
.
Note that we use the assumption of p · l < logn in order to bound δ such that it
is always below 1. Hence, we can use the first case in the minimisation in the
exponent of the right hand side of the Chernoff bounds.
If we now increase δ by a constant, the probability decreases exponentially in
n. This concludes the proof.
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Now, we use the lemma above to establish the space balance property for
the Cut-and-Paste strategy.
Theorem 13 Given a uniform storage network S(n,C[n]), p arbitrary blocks drawn from
the universe U, and a random hash function h(b) the Cut-and-Paste strategy applied to
S(n,C[n]) guarantees that every disk Di gets at most1 + O

√
n logn
p

 · pn
blocks with high probability if n logn > p.
Proof. The assimilation function guarantees that the local range on disk Di has
size 1n . Note that the assumption of n logn > p is needed to bound δ in theChernoff
bounds. Applying Lemma 12 proves the theorem.
Corollary 14 Let p blocks be drawn from the universe U. The Cut-and-Paste strategy is
space balanced and, w.h.p., no disk gets more blocks than1 + O

√
n logn
p

 · pn .
Let us now consider the access to an arbitrary block b. As noted before, we
only need to take the ’simulated’ replacements of block b into account. Clearly,
the access efficiency depends on that number.
Theorem 15 The maximum number of times an arbitrary block b is replaced when
simulating the assimilation function from 1 to n disks is blognc + 2.
Proof. Consider any block b on disk Dn0 . This block needs to be moved to disk
Dn1 when
1
n1
≤ hn0 (b) holds for the first time. Hence, n1 = d 1hn0 (b) e. Furthermore,
we know that the height of block b on disk Dn1 equals hn1 ≤ (n1−n0)n1·(n1−1) because all
cut ranges of size 1n1·(n1−1) from all disks between n0 and n1 are below the cut range
from disk Dn0 . Now we can derive the height of block b when it will be moved
the next time. It holds that
n2 ≥
⌈
n1 · (n1 − 1)
n1 − n0
⌉
(3.5)
when b will be put on disk Dn2 . Note that n1 > n0. It is not difficult to show that
n1·(n1−1)
n0·(n1−n0) is minimised if n1 = 2n0 − 1 or n1 = 2n0 for that restriction. To see this,
consider the following function
f (n) =
n · (n − 1)
n − n0 . (3.6)
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Tofind the extremaof f (n), wehave to look at the first and secondorder derivatives
f ′(n) and f ′′(n), respectively:
f ′(n) = 2n − 1
n − n0 −
n2 − n1
(n − n0)2
=
n2 − (2n · n0) + n0
(n − n0)2
f ′′(n) = 1
n − n0 −
4n − 2
(n − n0)2 +
2n(n − 1)
(n − n0)3
=
2n0(n0 − 1)
(n − n0)3
Setting f ′(n) = 0 gives us the extrema of f (n), namely n2 and n3.
n2 = n0 +
√
n2 − n0
n3 = n0 −
√
n2 − n0
The restriction of n3 > n0 cancels out the latter. To distinguish a minimum from a
maximum, we have to look at the value of f ′′(n) for the extremum n2,
f ′′(n2) =
2n0(n0 − 1)
(n2 − n0)3
=
2n0(n0 − 1)(
n0 +
√
n2 − n0 − n0
)3
=
2n0(n0 − 1)
(n2 − n0) 32
> 0 .
Hence, it follows that f (n) has a minimum at n2. Furthermore, we know that n1
has to be a positive integer. That implies that f (n) is minimal for
n1 = 2n0 − 1 and n1 = 2n0 .
Substituting these values into Inequality (3.5) leads to the following facts;
n2 ≥
⌈
n1 · (n1 − 1)
n1 − n0
⌉
≥ 2(2n0 − 1)(n0 − 1)
n0 − 1
= 4n0 − 2
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Figure 3.5: Illustration for the proof of Theorem 15.
n2 ≥
⌈
n1 · (n1 − 1)
n1 − n0
⌉
≥ 2n0(2n0 − 1)
n0
= 4n0 − 2
for n1 = 2n0 − 1 and n1 = 2n0, respectively. Therefore, for any choice of n0 and
hn0 (b) it holds that
n2 > 4 · n0 − 2 . (3.7)
In other words, every (2i)th replacement of any block b is at a disk with a label at
least 4i−1. This fact proves the theorem.
It turns out that our assimilation function is very close to the optimal as the
next lemma states.
Lemma 16 For any uniform, space balanced distribution strategy, the maximum number
of replacements a block performs when simulating the situation from 1 to n disks is at least
lnn − 1.
Proof. Consider p blocks. The space balance property implies that p/i blocks need
to be replaced when evolving from i − 1 to i disks for i ≥ 2. Therefore, the total
number of replacements is at least
n∑
i=2
p
i
≥ p · (lnn − 1) .
It follows that the average (and therefore also the worst) number of replacements
a block performs when evolving from 1 to n disks is at least ln n − 1, proving the
lemma.
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Next we consider the adaptivity of the Cut-and-Paste strategy. Suppose we
add a disk to the existing n ones of storage network S(n,C[n]). In this case, the
assimilation function tell us which cut ranges from the n disks are placed on
the new disk Dn+1. When we decrease the number of disks, a straightforward
application of the assimilation function is not possible. Instead, we roll back to a
former configuration, namely the distributionwhen the network consisted of n−1
disks. The following two theorems manifest the adaptivity of the Cut-and-Paste
strategy.
Theorem 17 The Cut-and-Paste strategy is 1-competitive in the expected case (or (1+)-
competitive w.h.p. with  < 1 if n logn < p) when adding a new disk to a storage network
S(n,C[n]).
Proof. Let p blocks be stored on the n disks of the storage network. Consider the
situationwhen changing from n to n+1 disks. An optimal oﬄine algorithm for the
problem has tomove at least
⌊
p · 1n+1
⌋
blocks due to the space balance requirement.
The Cut-and-Paste strategy applies the assimilation function and cuts ranges from
all n disks and concatenates them to the new local range ofDn+1. As noted before,
the size of the cut ranges is given by
n · 1
n(n + 1)
=
1
n + 1
.
The expectation value for the number of redistributed blocks follows from
Lemma 11 that relates the number of blocks in any range to its size. The high
probability case is derived directly from Lemma 12. Choosing δ appropriately
leads to the needed result and proves the theorem.
Theorem 18 The Cut-and-Paste strategy is 2-competitive in the expected case (or (2+)-
competitive w.h.p. with  < 1 if n logn < p) when removing a disk from a storage network
S(n,C[n]).
Proof. Let p blocks be stored on the n disks of the storage network. The results
from Lemma 11 and Lemma 12 imply that we only need to derive the size of
all replaced ranges to prove the theorem. Assume that we want to remove disk
D j. Then, an optimal oﬄine strategy must replace at least p · 1n blocks to evict
all blocks from the disk D j. Because the assimilation function relies on the order
of the participating disks, it cannot be directly applied when a disk is removed.
Hence, we do the following trick. We undo the last assimilation step to free the
last diskDn. Nowwe can move all the blocks from diskD j toDn andDn takes the
place of D j. Both operation clearly move all the blocks associated with a range of
size 1/n. From Lemma 11 and Lemma 12 the theorem follows.
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Note that the quality of the Cut-and-Paste strategy depends roughly on the
ratio between the number of disks and the number of blocks stored on those disks.
Furthermore, the quality of the distribution depends only on one random hash
function. This fact, together with the equal size of the ranges mapped to disks,
ensures a very even distribution of blocks.
Furthermore, weneed only the number of disks n and the hash function h(b) to
access any given block b. Together with the logarithmic number of computations,
this ensures resource efficiency.
3.2 Strategies for Heterogeneous Networks
So far, we have seen only data distribution strategies that are applicable for uni-
form storage networks. It turns out that the introduction of heterogeneity makes
the data distribution problem much more challenging. This is due to the fact that
the share of data blocks a disk Di has to store depends on its capacity and cannot
be derived from the number of disks itself. Hence, we need to find an efficient
way to represent the capacity distribution. Because the number of data blocks that
must be replaced in case of a change depends also on the capacity distribution
such a representation is crucial for the adaptivity.
3.2.1 The Level Strategy
The Level strategy is the first nonuniform strategy. Even if its quality is not
very good when it comes to adaptivity, it enables some valuable insights into the
problems introduced by heterogeneity. First, we introduce someuseful definitions
and give a description of the strategy before we analyse it.
How can we tackle heterogeneity? We know from the last section that there
are algorithms for uniform networks. Therefore, the most natural solution which
suggests itself lies in the reduction of heterogeneity to homogeneity.
Call a disk saturated if it has no capacity left to store any more blocks. We
reduce the heterogeneity problem to a number of uniform ones by introducing
levels in which only non-saturated disks participate. Whenever we are unable to
place a block in level L j we try it in the next higher level L j+1. Each level L j is
’separated’ form the one below by a random hash function h j(b) which maps the
blocks, reaching that level, anew into a [0, 1) interval. To place the block inside a
level L j, we apply the Cut-and-Paste strategy. This is possible because the levels
are not correlated, and the disks inside a level are uniform. Note that the order of
disks inside a level may vary between levels. In other words, the separation by
the random hash functions makes each level independent of each other. To access
block b, we apply h0 to it and derive the disk storing it in level L0 via the Cut-and-
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Figure 3.6: The shaded areas in this figure symbolise the number of blocks
associated with the ranges. The darker regions are the blocks stored on a disk in
that level while the lighter ones correspond to all the blocks that cannot be stored
on a disk due to saturation. Whenever a block b cannot be placed in level L j it is
hashed into the [0, 1) interval for the next level L j+1 with hash function h j+1. Inside
each level we apply the Cut-and-Paste strategy to find the correct disk.
Paste strategy. If this disk is saturated, we apply the next hash function to b and try
to find it in the next higher level. The general approach is illustrated in Figure 3.6.
Let the number of disks in each level L j be denoted by n j with n0 = n.
Furthermore, let B j be the number of blocks each disk is supposed to store in
level j. Then it holds that B0 = 1n0 · p and B j =
n j−n j+1
n j+1
· B j−1. Let  j be the rate
by which the number of disks in level L j decreases. Using this parameter we
get n j =  j · n j−1 and B j =
(
1− j
 j
)
· B j−1 for the number of disks per level and the
number of blocks stored in it, respectively.
So, how do we detect that a block b is stored in level L j? We do know the
number of blocks a disk should store in level L j, i.e. B j. Hence, we redefine the
local range of disk Di to
ri =
[
0, min
{
1
n j
,
Ci − B j
B j · n j
})
.
All blocks falling into ri are placed on disk Di and all blocks falling into[
min
{
1
n j
,
Ci−B j
B j·n j
}
, 1n j
)
are moved to the next level L j+1.
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Analysis of the Level Strategy
In this section we analyse the Level strategy. This analysis consists of the verifica-
tion of space balance properties, examination of access behaviour, and adaptivity.
We begin with some consideration concerning space balance.
Heterogeneity opens up different approaches to space balance. Due to the
different disk capacities, some disks are unable to store the full amount of blocks
and, hence, saturate. The important question is how a distribution scheme copes
with that situation. If it is space balanced, the disks should saturate roughly at the
same time, i.e. when p is close to Ctotal, the total capacity of the storage network.
In contrast, the distribution strategy might try to use the disks as long as possible,
enhancing the parallel access to blocks. All disks participate in the answering of
block requests until they are saturated. The Level strategy aims to distribute the
blocks as evenly over all disks as possible following the latter approach.
Theorem 19 Given a storage network S(n,C[n]) and p blocks, the Level strategy is not
space balanced until p is close to Ctotal.
Proof. The space balance property requires that for any p, each diskDi gets
Ci
Ctotal
·p
blocks on expectation. To prove the first part, consider any p ≤ C j · n where C j is
the disk with the smallest capacity. Hence, we have only one level and, therefore,
each disk gets the same amount of blocks, depending on the quality of the uniform
strategy used, violating the space balance property.
For the second part of the theorem, consider p close toCtotal. Because only non-
saturated disks participate in a new level, almost all of the n disks are saturated.
It follows that each diskDi gets an expected number of
Ci
Ctotal
·p blocks, proving the
theorem.
Even if the Level strategy is not space balanced, the blocks are evenly dis-
tributed over the n disks. It turns out that space balance and maximal parallel
access cannot be achieved simultaneously in the heterogeneity setting, stating the
first important lesson learnt from this strategy.
To access any block b, we need to find it in each level L j. Hence, the number of
operations is bounded by Lmax ·UNIFORM(n j), where UNIFORM(n j) denotes the
complexity to access a block in a uniform setting consisting of n j disks. Obviously,
a trivial upper bound on the number of levels is given by n because each disk can
only introduce one new level. We begin the analysis by showing a lower and an
upper bound for the number of levels, starting with the lower bound.
Theorem 20 For any n and p = nq with q > 2 there is a collection of disks for which our
approach requires at least log p2·q levels for placing p data blocks.
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Proof. We prove the theorem by constructing a counterexample. Let’s assume
that  j is equal to some fixed  for all levels L j. Using the above notation, it follows
for level L j that n j =  j · n0 and B j =
(
1−

) j · B0. Surely, it has to hold that for all
levels L j, we have n j ≥ 1 and B j ≥ 1. To prove the theorem, we show that for
 = 2− 1k with k = q2 log q these inequalities hold for at least k logn levels.
The fixing of  leads to n j = 2−
j
k · n0. Since n0 = n, it follows that n j is at least
1 for j ≤ k · logn,
n j =
n0
2
j
k
≥ n0
2
k logn
k
=
n0
n
= 1 .
It remains to show that B j ≥ 1 for j ≤ k · logn. We know that
1 − 2− 1k
2− 1k
= 2
1
k
(
1 − 2− 1k
)
= 2
1
k − 1
and
2
1
k − 1 ≥ 1
2k
⇔ 4 ≥
(
1 +
1
2k
)2k
.
This is true for all k ≥ 1. Because we require p = nq, it holds that( 1
2k
)k logn
=
1
2k log(2k) logn
≥ 1
2
log p
2
=
1√
p
It follows that
Bk·logn =
(1 − 

)k·logn
· p
n
≥
√
p
n
≥ 1
for all q ≥ 2, which completes the proof.
Using a very similar argument, we are able to prove a worst case bound on
the number of levels (Lmax) induced by our strategy.
Theorem 21 For any n and p = nq with q ≥ 1, the maximum number of levels Lmax
induced by the Level strategy applied to a storage network S(n,C[n]) is
3 · (q + 1)
log(q + 1)
· logn .
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Proof. We construct the worst case by deriving two inequalities which must be
fulfilled for as long as possible. As before, the first restricts the number of disks
and the second the number of blocks in level L j. Using our notation we get
n j =

j−1∏
i=0
i
 · n
and
B j · n j ≤

j−1∏
i=0
(1 − i)
 · p .
These two inequalities imply the following two conditions which need to be met
for any level L j,
j−1∏
i=0
i ≥ 1n and
j−1∏
i=0
(1 − i) ≥ 1p . (3.8)
Now, we show that Inequality (3.8) can be fulfilled for at most 3(q+1)log(q+1) levels.
Suppose that the conditions can be satisfied for l ≥ 3k logn levels, where
k = q+1log(q+1) . Then, there must be at least k logn levels L j with  j < 2
− 1k , or at least
2k logn levels L j with  j ≥ 2− 1k . The first situation implies that after k logn levels,
k logn∏
i=0
i < 2− logn ≤ 1n
which violates the first condition. In the other case, we have
2k logn∏
i=0
(1 − i) ≤
(
1 − 2− 1k
)2k logn
.
Because it holds for all k ≥ 1 that
(
1 − 1k
)k
< 12 , the above inequality becomes(
1 − 2− 1k
)2k logn
<
(1
k
)2k logn
≤ 2−q logn = 1
p
,
violating the second condition of Inequality (3.8). This completes the proof.
If we use the Cut-and-Paste strategy for the uniform placement inside each
level, the above theorem and Theorem 15 lead to the following corollary.
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Corollary 22 Given a storage network S(n,C[n]) storing p blocks and using the Level
strategy as the distribution scheme, the number of computations needed to locate any block
b is bounded by O
(
logn · log plog q
)
with p = nq.
The above theorem shows that our approach is very close to the optimal, but
the number of levels and, hence, the efficiency to access a block, depends on the
number of blocks in the system. This is a big disadvantage if the storage network
is large and has to store a vast number of blocks.
Before we are able to analyse the adaptivity, we need to explain what we do
when the number of disk drives changes. The insertion of new disks is straight-
forward, but the removal needs some further consideration. Our simple strategy
that we applied in the uniform case, free the last disk and exchange it with the
failed one, is of no use since the disks in each level are uniform, but the disks
themselves may store a very different amount of blocks. Nevertheless, we may
exploit the levels themselves. Whenever a disk D f fails we set its size to zero and
let the next level handle its blocks. This has the advantage that the contents of
D f is evenly spread over all remaining disks. Unfortunately, the number of disks
in each level increases by one and, hence, the number of computations for the
uniform placement is greater. However, the dependence is logarithmic, resulting
in onemore stepwhenever the number of disks is doubled. This seems acceptable
since such faults do not occur very often. Furthermore, when adding new disks
these holes are filled.
If we use the Level strategy with the simple assimilation function within each
level, we are not able to bound the competitive ratio tightly. This is due to the
fact that we cannot guarantee that blocks move only from ’old’ to ’new’ disks.
Consider the case when a new disk Dn j+1 enters level L j but it has only one free
block left. We need to apply the assimilation function to balance the load evenly
among the disks in that level. Assume that t blocks need to be put on disk Dn j+1
but it is only capable of storing just one more. Hence, the remaining t − 1 blocks
are moved to the next level, returning to the same group of disks they are coming
from, as depict in Figure 3.7. This process can continue in higher levels since
the one block moved to Dn j+1 may come from a saturated disk which now has to
participate in the next level. The number of blocks t can be arbitrarily large which
results in a unbounded competitive ratio.
To overcome this behaviour, we refine the Level strategy. Instead of fusing
all cut ranges together, we use a new hash function that provides new heights in[
0, 1n+1
)
for the blocks in the corresponding ranges. This function ensures that for
any local range ri+1 of disk Di+1, every disk D j with j ≤ i has the same number of
blocks with new height at most the upper bound of ri+1. Thus, we replace only
those blocks that are below the new upper bound of ri+1 and leave all other blocks
unchanged. However, we treat the untouched blocks for the next levels as if they
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Figure 3.7:When adiskDn j+1with only one free block enters a level L j, the uniform
assimilation function cuts the appropriate ranges from all other disks in this level
and puts all blocks inside those ranges back (via the next level) to a subgroup of
those disks.
would participate there (as they would in the simple strategy). This leads to a
distribution which is very close to optimal, and it can be shown that every block is
replaced at most O(logn) times in each level, w.h.p. This ensures that all bounds
shown for the simple Level strategy still hold.
Themain drawback of the refined assimilation function lies in the introduced
ambiguity of the location of a block. At some level it might have been kept back
because some disk was not able to store it, but it could also have been moved one
level up due to the insertion of new blocks. However, there is only one possible
position in each level for storing a block, namely the last disk that was able to
hold it. This implies that we need at most l requests to get any block where l is the
number of levels induced by the new strategy. Only one of these requests involves
a disk access because there is only one location for any block and, therefore, data
is only once be transported over communication links.
In the uniform case, the addition and removal of blocks had no effect on
the adaptivity of the distribution strategy since the disks could always store the
blocks unless the whole system was saturated. In a heterogeneous setting, this
is different. We have to preserve the internal structure of the Level strategy, and
this introduces an unavoidable overhead.
Theorem 23 Given a storage network S(n,C[n]) and p blocks, the refined Level strategy
applied to S(n,C[n]) is l-competitive for the removal and (l+1)-competitive for the addition
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of a block b ∈ U where l is the number of levels introduced by the refined Level strategy
for the placement of p blocks.
Proof. As noted above, the internal structure of the Level strategy has to be
preserved. When a new block b is accessed any optimal strategy has to place at
least this block. The worst case for the Level strategy occurs when b must be
placed on a saturated disk Ds and its height is less than the height of Ds. Because
we have to keep the range on Ds compact, the block with the maximal height is
evicted and placed in the next level. In the last level it might happen that the new
block introduces a new level. This cannot occur when a block is removed, proving
the theorem.
The addition of new disks is straightforward. We simply apply the uniform
scheme in every level in which the new disk participates. This leads to the
following theorem. Note that there are two cases to be considered. In the first
case, the newly added disk can store the complete 1/(n+1) fraction of the p blocks.
In the second case, the capacity of disk Dn+1 is less than the 1/(n + 1) share of the
blocks and only Cn+1 blocks are put on that disk.
Theorem 24 Given a storage network S(n,C[n]) and p blocks, the refined Level strategy
is l-competitive for the addition of a new disk, where l is the number of levels induced by
the refined Level strategy.
Proof. The above reasoning implies that an optimal oﬄine algorithm has to
replace at least t = min
{
Cn+1, 1n+1 · p
}
blocks. Because the new disk participates
in as many level as it has capacity left in, it follows that the refined Level strategy
puts t blocks on Dn+1. Hence, it evicts at most t blocks from the other disks. This
situation is the same as removing t blocks from the system. Applying Theorem 23
leads to the theorem.
For the removal of disks, we apply the zero-height strategy, i.e. failed disks
leave the storage network by setting their capacity to zero. As before, an optimal
oﬄine strategy has to move at least C f blocks from a failed diskD f . However, the
Level strategy has also to preserve its internal structure and, therefore, replaces
more blocks.
Theorem 25 Given a storage network S(n,C[n]) and p blocks, the zero-height strategy
is (l+ 1)-competitive, where l is the number of levels induced by the refined Level strategy,
when a disk is removed.
Proof. An optimal oﬄine strategy has to move at least C f blocks when disk D f
is removed. The zero-height strategy introduces the C f blocks to the next level.
Applying Theorem 23 concludes the proof.
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The refined Level strategy is a first step towards a heterogeneous, adaptive
distribution strategy. It is capable of handling different sized disks in a storage
network. Nevertheless, it has disadvantages that make a practical application
doubtful. First, the number of levels and, hence, the access to any block depends
on the number of blocks currently in the system. Second, the possible oscillation of
disks between levels induces a more complicated assimilation function resulting
in a rather complicated distribution scheme. Most of the problems can be traced
back to the heterogeneity of the disks. So it seems natural to investigate the impact
of a ’smoother’ heterogeneity. What do we mean by ’smooth’? Obviously, there
is a dependence between the number of levels and the number of different sized
disks. So we get some flexibility if we allow the disks to waste storage space
because, then, the disks do not need to participate in the next level even if they
have some space left.
Exploiting Slackness
By slacknesswemean the freedomofdisks not to enter new levels even if theyhave
some capacity left. We achieve this flexibility by allowing some disk capacity to
be wasted. Clearly, we cannot guarantee a completely even distribution anymore.
Instead, we ensure that the blocks are evenly distributed over all non-wasted
parts of the disks.
Under that assumption, we can pursue two different approaches:
1. Local Slackness Strategy
We allow that up to a fixed ratio w ∈ (0, 1) of the capacity of each disk may
be left free. This implies that we waste at most w of the total capacity of the
storage network.
2. Global Slackness Strategy
Up to a fixed ratio w ∈ (0, 1) of the total capacity may be wasted.
Clearly, the global slackness strategy bears more potential because the capac-
ity constraints can be handled with more flexibility.
The Local Slackness Strategy The local slackness strategy has the capability
to mute the oscillation of disks between two consecutive levels L j and L j+1. This
ability arises from the property that not all of the capacity of a disk has to be used,
i.e. by wasting up to a ratio w ∈ (0, 1) of its capacity. We get the freedom to define
a threshold below which a disk may stay in a certain level L j even if it still has
free capacity. Note that this is very similar to the trick applied in the refined Level
strategy. Instead of keeping blocks back, this situation is completely avoided.
The local slackness strategy works as follows. Let the threshold x be defined
by x = w/(1 − w). Clearly, all disks participate in level L0. However, for all j > 0,
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we allow a disk only to participate in level L j if its remaining capacity is at least x
times its capacity consumed in all previous levels. This constraint ensures that at
most a fraction w of its capacity is dissipated. Evidently, level L j is the last level if
B j ≤ x ·
j−1∑
i=0
Bi . (3.9)
For all disks participating in a level, the refined level strategy is used.
The main consequence of the above rule is that as soon as the free capacity
of a disk drops below the participation threshold, it does not participate in higher
levels. We show, that this significantly reduces the number of levels and the
amount of blocks that have to be moved due to oscillation.
Clearly, as long as the number of blocks p ≤ (1 − w) · Ctotal, our placement
strategy is always able to map all p blocks onto the n disks. Furthermore, the
maximum relative deviation from an even distribution can be at most w.
In the following, we analyse the adaptivity of the local slackness strategy.
More specifically, we give an upper and a lower bound for the number of levels
induced by that strategy, proving that it is close to optimal.
Theorem 26 For any w and n, the maximum number of levels caused by the local
slackness strategy is at most log1+x n + 1, where x = w/(1 − w).
Proof. Let δ j = 1/ j be defined for every level L j. The key to the proof lies in
bounding the number of blocks stored in level L j+1. A disk in level L j has to store
the maximal amount of blocks if all disks that are saturated in level L j just store
the minimal number of blocks that enables them to participate in level L j. Hence,
we are able to bound B j+1 as follows,
B j+1 ≤
n j − n j+1
n j+1
·
B j − x ·
j−1∑
i=0
Bi

=
(
1
 j
− 1
)
·
B j − x ·
j−1∑
i=0
Bi

= (δ j − 1) ·
B j − x ·
j−1∑
i=0
Bi
 .
Now, we can estimate δ j by using Inequality (3.9). Assuming that L j+1 is not the
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Figure 3.8: The figure illustrates the definitions of Theorem 27.The shaded areas
represent the number of blocks associated with ranges and not the ranges them-
selves. The fact that we are allowed to waste some storage space on each disk
results in a minimal size of all b j.
last level, we get the following inequality,
(δ j − 1) ·
B j − x ·
j−1∑
i=0
Bi
 ≥ x ·
j∑
i=0
Bi
(δ j − 1) · B j ≥ x · B j
δ j ≥ 1 + x . (3.10)
Due to the correlation of δ j and  j, the last inequality bounds the rate by which
the number of disks in the levels decrease. This concludes the proof.
Note that the number of levels is now independent of the number of accessed
blocks p. This is a great achievement because it improves all theorems for the
refined level strategy significantly.
The question that remains to be answered concerns the quality of that achieve-
ment. How tight is this bound? The following lower bound on the maximum
number of levels shows that it is very close to optimal.
Theorem 27 For any w and n, the maximum possible number of levels imposed by the
local slackness strategy is as most log4(1+x)2 n + 1.
Proof. We prove the theorem by constructing a counterexample. Let’s assume
that  j is fixed to some  for all levels L j. Furthermore, we assume that a fixed
ratio ξ of all the blocks stored in level L j is transferred to level L j+1. Nowwe know
54 Adaptive Data Distribution Strategies
for level L j that n j =  j ·n0 and B j =
(
ξ

) j ·B0. Let’s define by b j the least number of
blocks any disk in level L j can store. This is reasonable because we have defined
a participation threshold x. Let A j denote the number of blocks in level L j. Hence,
we have A j = B j · n j. Figure 3.8 illustrates the definitions.
From the above assumptions we derive the following inequality for b j using
an estimate on the number of blocks that must be moved to the next level,
ξ · A j = (B j − b j) · (1 − ) · n j
ξ · n j · B j = (B j − b j) · (1 − ) · n j
b j =
1 −  − ξ
1 −  · B j .
Introducing k = 1−−ξ1− , we get
b j = k · B j .
For all levels L j it must hold that n j ≥ 1 and b j ≥ x ·∑ j−1i=0 Bi. To complete the proof,
we derive the condition for which the second inequality holds,
b j ≥ x ·
j−1∑
i=0
Bi
k ·
(
ξ

) j
· B0 ≥ x ·
j−1∑
i=0
(
ξ

)i
· B0
k ·
(
ξ

) j
≥ x ·
(
ξ

) j − 1
ξ
 − 1
k ·
(
ξ

) j+1
− (k + x) ·
(
ξ

) j
+ x ≥ 0
k ·
(
ξ

) j+1
− (k + x) ·
(
ξ

) j
≥ 0
k · ξ

− (k + x) ≥ 0 . (3.11)
Now, we set  = 14(1+x)2 and ξ =
1
2(1+x) such that the Inequality (3.11) holds for all
x ≥ 0 and w ≥ 0. The theorem follows.
The Global Slackness Strategy The global slackness strategy has more free-
dom to reduce the number of levels because it is allowed to arrange the disks
globally. More specifically, we try to find g groups of equal size such that at most
a fractionw of the total capacity iswasted. Obviously, if we have g such groups the
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Figure 3.9: The figure illustrates the definitions of Theorem 28. Note that the disks
are ordered by their capacity Ci.
number of levelswould be g. Note that all disks inside a groupdo not need to have
exactly the same capacity because we are allowed to waste some storage space.
The following notations enable us to prove an upper and a lower bound on
the number of levels induced by the global slackness strategy. We assume, w.l.o.g.,
that the disks are ordered according to their capacities Ci, i.e. Ci ≥ Ci+1 for all
i ≥ 1. The relative height of disks Di is defined by γi = Ci/C1. Furthermore, let
Γ = 1n
∑n
i=1 γi be the area covered by the disks. Clearly, it holds that
1
n ≤ Γ ≤ 1.
We first show a lower bound on the number of groups and, hence, on the
number of levels. Then we give an upper bound. Both bounds relate the ’het-
erogeneousness’, measured by Γ, to the number of levels g. We conjecture that
a storage network with almost equal sized disks behaves much better than a
network where the capacity of the disks are far apart.
Theorem 28 For anyΓ andw, there exists a collection of disks such that g ≥ (1−w) ln
(
1
Γ
)
.
Proof. Suppose it is possible to organise the disks into g groups of equal capacity
such that at most w · Γ of the total capacity Ctotal is wasted. Then, there must exist
g integers 1 ≤ i1 < i2 . . . < ig ≤ n with the following property (additionally, there
are i0 = 0 and ig+1 with the same property): If for all k ∈ {1, . . . , g + 1}, every disk
Dl with l ∈ {ik−1 + 1, . . . , ik} is given a height of γik and a capacity of γik · C1, then
the total capacity of the g groups is at least (1−w) ·Ctotal. Let the number of disks
in group k be denoted by pik. The situation is depict in Figure 3.9.
Now, we show up to which g this property holds, which results in a lower
bound on the number of groups. As a first step, we estimate the area covered by
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all groups:
g∑
k=1
pik · Cik ≥ (1 − w) · Ctotal
g∑
k=1
ik · Cik ≥ (1 − w) · Ctotal
g∑
k=1
1
n
· ik ·
Cik
C1
≥ (1 − w) ·
n∑
i=1
1
n
· Ci
C1
g∑
k=1
1
n
· ik · γik ≥ (1 − w) · Γ . (3.12)
Now, we introduce for every i ∈ {1, . . . , n} an area equivalent to Ai = in · γi. Using
Inequality (3.12), we get the following inequality
g∑
k=1
Aik ≥ (1 − w) · Γ . (3.13)
For Inequality (3.13) to be fulfilled there must be at least one kwithAik > (1−w) · γg .
We use this inequality to find the largest g for which it is not satisfied, gaining
a lower bound on the number of groups. More specifically, we must find the
largest g for which it is possible to set Ak ≤ (1 − w) · Γg for all k ∈ {1, . . . , n}.
From the definition of Ak we know that γk ≤ n · (1 − w) · Γi·g . Furthermore, it
holds thatγk ≤ 1 for all k ∈ {1, . . . , n}. Using these constraintsweget the following:
1
n
n∑
k=1
min
{
1,
n · (1 − w) · Γ
i · g
}
≥ 1
n
n · (1 − w) · Γg +
n∑
k=n(1−w)Γ/g+1
n · (1 − w) · Γ
i · g

≥ 1
n
(
n · (1 − w) · Γ
g
+
(
lnn − ln
(
n · (1 − w) · Γ
g
))
· n · (1 − w) · Γ
g
)
≥ (1 − w) · Γ
g
+ ln
(
g
(1 − w) · Γ
)
· (1 − w) · Γ
g
.
This is at least Γ under the constraint that for  = 1−wg it holds that

(
1 + ln
( 1
 · Γ
))
≥ 1 ,
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which is equivalent to
Γ ≤ 1

· e1− 1 .
This is true if  ≥ 1
ln( 1Γ )
, i.e. g ≤ (1 − w) · ln
(
1
Γ
)
. This proves the theorem.
The theorem shows that the number of groups still depends on Γ and, hence, on the
ratio of thedisk capacities. Furthermore, the freedomofdissipating largerportions
of some disks does not decrease the number of levels significantly. Like the
local slackness strategy, the global variant gains more by using less heterogeneity,
i.e. using disks whose capacity does not vary greatly, than by giving up some
storage space.
We finish the analysis of the global slackness strategy by giving an upper
bound on the number of capacity groups g.
Theorem 29 For any Γ and w, the number of capacity groups and, hence, the number of
levels, when using the global slackness strategy is bounded by g ≤ 2 log2( 1Γ )w .
Proof. We construct a worst case, consisting of g groups, by using an induction
argument. To simplify the description, let the pair (xi, yi) characterise the ith
iteration with xi denoting the disk number divided by n and yi the relative height.
We start the induction with (x0, y0) = (0, 1). Assume that for some i ≥ 0 we are
currently at (xi, yi) with xi ≥ ∑ij=1 2 j · Γ (which implies that yi ≤ 12i ). For the
induction to hold, we show that it takes at most
2 log( 1Γ )
w groups to get to (xi+1, yi+1)
with xi+1 ≥ ∑i+1j=1 2 j · Γ. If this is true, then we require at most 2 log2( 1Γ )w groups to
reach (x, y) with x ≥ 1. This would end the induction because the last disk would
have been reached.
For i = 0, the assumption for the induction step clearly holds. So assume
in the following that it holds also for some i ≥ 0. Suppose, as a worst case, that
we start at (xi, yi) =
(∑i
j=1 2
j · Γ, 12i
)
. To simplify the description, we define the x-
coordinate to be relative to xi, i.e. we use x′ − xi instead of x′ itself. Now consider
some fixed positive number A which bounds the waste inside a group to at most
A. We aim to bound the number of groups, with waste at most A, it takes to reach
(x′i+1, y
′
i+1) by x
′
i+1 ≥ 2i+1 · Γ. Clearly, such a pair is reached if we end up at (x, y)
with either x ≥ 2i+1 · Γ or y ≤ 0. Assume that we need l groups numbered from
1 to l with loss A each for this. Suppose furthermore, that a group s represents a
rectangle of height γs and width bs. Then it follows that γs · bs ≥ A. For the worst
case we take γs ·bs = A. Furthermore, we require∑ls=1 γs ≤ 2−i and∑ls=1 bs ≤ 2i+1Γ.
In order to find a maximum l for which these restrictions can be fulfilled, we
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assume that γs =  · A for all swith  ∈ [0, 1]. This leads to two constraints on l,
l ·  · A ≤ 2−i
l ≤ 1
2i ·  · A
and
l · 1

≤ 2i+1 · Γ
l ≤ 2i+1 ·  · Γ .
To maximise l, we choose an  such that
1
2i · A = 2
i+1 ·  · Γ ,
namely  = 1
2i· √2·AΓ . Hence, we get l =
√
2 · ΓA . The lost area, W, is therefore
bounded by l · A = √2 · Γ · A. We need to require W ≤ w·Γlog(1/Γ) to end up with a
lost area of at least w · Γ. In this case,
√
2 · ΓA ≤ w · Γ
ln(1Γ)
⇒ √A ≤ w
√
Γ√
2 · log(1/Γ) .
Substituting this inequality into the equation for lwe get
m ≤ √2 · Γ ·
√
2 · log(1/Γ)
w · √Γ =
2 log(1/Γ)
w
.
Summing up over all log(1/Γ) induction steps yields the theorem.
The Level strategy is only a first step towards adaptive, heterogeneous dis-
tribution strategies. Even when applying all the refinements it is not suitable for
practical purposes. The main reason is the number of induced levels and the
corresponding increase in access time. Furthermore, the refinements make the
strategy too complicated to be efficient. The implementation of the levels alone
is cumbersome and error-prone.
Nevertheless, the strategy gives a good insight into the nature of heterogene-
ity. The reduction of a heterogeneous setting to a homogeneous one looks promis-
ing not least because of the efficiency of the uniform approaches. Furthermore,
we found some evidence that the heterogeneity indeed complicates adaptive ap-
proaches. The less the capacities vary, the better the Level strategy. Last but
not least, it seems rather surprising that the number of levels can be significantly
reduced by giving up a certain percentage of the overall capacity.
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Figure 3.10: The figure illustrates the general approach of the Share strategy. In this
example, Sh(b) is equal to {D3, D4} because both corresponding intervals contain
h(b).
3.2.2 The Share Strategy
The Share strategy [BSS02] combines many of the advantages of the previously
described strategies. Instead of extending the Cut-and-Paste strategy, it is based
on the principles of the Nearest Neighbour strategy. We first give an overall
description before we analyse the strategy in more detail.
The Share strategy works in two phases. The first phase is a reduction
phase which allows the conversion of the heterogeneity problem into a number of
homogeneous ones. More specifically, given a block b, the result of the reduction
phase is a set Sh(b) of disks that are equally likely to store b. So, in the second
phase, we can apply a uniform distribution strategy to get the correct disk in Sh(b)
that is responsible for b. Due to the construction of the reduction not all uniform
strategies are suitable. We define some properties that must be fulfilled to achieve
the desired results. To denote the call to the uniform distribution algorithm, we
use U(b,Sh(b)). The general approach of the Share strategy is illustrated in
Figure 3.10 and the algorithm is given in Figure 3.11.
The reduction phase of the Share strategy is based on two hash functions.
We use h : {1, . . . , M} → [0, 1) to map the blocks to random real numbers in the
[0, 1) interval and g : {1, · · · , N} → [0, 1) to assign real numbers from [0, 1) to
the disks. As noted above, this phase is very similar to the Nearest Neighbor
strategy (see Section 3.1.1) and differs only insofar that the real numbers now
represent the starting points of intervals. In addition, two fixed parameters s ≥ 1
and 1/N ≤ δ < 1 are used. The former is the stretch factor that is used to ensure
high probability, and the latter is introduced to simplify the analysis. The values
of both parameters will be specified later.
The reduction of the first phase works as follows. Suppose that the capacities
of the disks are given by their relative capacities ci. To simplify some of the proofs,
we split some of the disks into virtual disks of size at most δ. This ensures that the
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Algorithm S(b):
Input: block b and a data structure
containing all intervals Ii
Output: disk that stores b
Phase 1: query data structure for point h(b)
to derive the interval set Sh(b)
Phase 2: diskb = U(b, Sh(b))
return diskb
Figure 3.11: The Share algorithm.
disks do not have a capacity which is too high. So, for every disk Di with ci > δ
we introduce b ciδ c virtual disks D′i with ci′ = δ and, if necessary, one additional
virtual disk taking the rest of Di. The sum of the relative capacities of all virtual
disks for disk Di is therefore equal to ci. All remaining disks stay as they are,
and they are treated as one virtual disk. The following lemma states the number
of virtual disks.
Lemma 30 Splitting the relative capacities of n disks into virtual disks of size at most δ
produces at most n′ ≤ n + 1δ virtual disks.
Proof. To prove the lemma, we simply sum up over all generated virtual disks.
For each split disk, we have at most one virtual disk containing the part that is
smaller than δ. Together with the non-split disks, their number is at most n. Each
of the split disks contributes at most b ciδ c virtual disks of size δ. Because the sum
of all relative capacities is at most 1 it follows that∑
i:ci>δ
⌊ci
δ
⌋
≤
n∑
i=1
⌊ci
δ
⌋
≤ 1
δ
.
Summing up completes the proof.
Now, we assign an interval Ii′ of length s · ci′ , for some fixed stretch factor s, to
every virtual diskDi′ . Using the starting point computed by gwemap this interval
into [0, 1) such that it reaches from g(i′) to g(i′)+ s · ci′ (mod 1). Note that we view
the [0, 1) interval as a ring and, therefore, wrap around the endpoints. We assume
that δ ≤ 1s to prevent an interval Ii′ being wrapped around several times. The only
reason behind this is to keep the description and the analysis as simple as possible.
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Analysis
In this section, we analyse the behaviour of the Share strategy in regard to the
space balance and adaptivity.
First, we look at the quality of the reduction. The starting point is the deter-
mination of the size of the stretch factor s, the crucial parameter of the strategy,
because it determines not only the distribution quality but also the required space
resources.
Throughout the analysis, we treat virtual disks as real disks and, therefore,
interchange i′ with i. For every x ∈ [0, 1) let Sx = {i : x ∈ Ii} be the set of intervals
containing x and sx = |Sx| be the contention at point x, i.e. the number of such
intervals. Each endpoint of an interval marks the beginning or ending of a frame
F j. Due to our restriction on the size of the virtual disks, we cut the [0, 1) interval
into at most 2
(
n + 1δ
)
frames. It holds that Sx is unique for every x ∈ F j. This is
important to ensure that the data structure implementing Share has a low space
complexity.
Obviously, the correctness of this strategy can only be guaranteedwhen every
point x ∈ [0, 1) is covered by at least one interval Ii w.h.p. The next lemma defines
a lower bound for s for which this is fulfilled.
Lemma 31 For every n ≤ N a stretch factor s = l · lnN with l ≥ 3 is sufficient to ensure
that sx > 0 for every x ∈ [0, 1).
Proof. For every s and every i it holds that for every x ∈ [0, 1) the probability of x
falling into Ii is equal to
Pr[x ∈ Ii] = s · ci .
Hence, we get for the expectation value of sx,
E[sx] =
n∑
i=1
s · ci = s .
Due to the fact that we use a random hash function to map the starting points of
the Ii into the [0, 1) interval, the Ii are independent of one another. This enables us
to apply the Chernoff bounds from Lemma 6,
Pr[sx = 0] = Pr [sx = (1 − 1) · E[sx]]
≤ e− s2
= e− lnn·l2
=
1
N
l
2
.
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Because we require δ ≥ 1N the number of possible frames is at most 4N. It follows
that we have at most 4N different sx to consider. So, the probability that there is
at least one frame with a contention of 0 is at most 4/N
l
2−1.
Next we have a look at the time and space complexity of Share. To measure
the space complexity, we assume that one word can hold log (max{N,M}) bits.
For the hash functions, we simply choose any hash family from the vast pool of
efficient ones.
Theorem 32 Suppose that the applied uniformdistribution scheme has a space complexity
of SpaceUni f orm words. Furthermore, let a hash function consume h words. Then, the
Share strategy can be implemented such that the position of any block b can be determined
in expected time O(1) using O
(
2h + s ·
(
n + 1δ
)
· SpaceUni f orm
)
words.
Proof. We begin by showing the time complexity. To get the expected constant
time we apply the same trick as has been used for the Nearest Neighbour strategy.
Themain idea is to divide the [0, 1) interval into segments of sizemin
{
1
n , δ
}
andkeep
a separate search tree for each of the segments. Now, the time to locate the position
of an arbitrary block b consists of the time to locate the right segment (which takes
constant time) plus the time to find the correct interval Ii inside the segment. Since
the total number of frames is at most O(n + 1/δ), the expected number of frames
overlapping with a segment is constant. Furthermore, the number of intervals in
a segment is expected to be constant. So, the call to U(b,Shx ) is constant too.
Summing up, it follows that the access to an arbitrary block b is implementable in
a time of O(1).
The space complexity follows straightforwardly from the construction. As
mentioned in the lemma, it holds that E[sx] = s for every x ∈ [0, 1). Hence, for
every starting point or endpoint of an interval Ii, the expected number of other
intervals crossing x is at most s. Keeping in mind that no interval starts or ends
inside a frame, the expected number of intervals in a frame F j is at most s + 1.
Since there are at most 2(n+1/δ) different frames, we need O(s · (n+1/δ)) words to
store the intervals’ information for all frames. Furthermore, O(n + 1/δ) words are
necessary to store a data structure handling the max{n, 1/δ} segments. Summing
up, the theorem follows.
Nowwe are able to analyse the space balance of the Share strategy. The main
idea of the proof is to estimate the number of blocks that fall into an interval Ii
depending on the stretch factor s. We do that point-wise, i.e. derive for every
point x in the interval the influence it has on the contention of the disks. The
following auxiliary definitions are helpful.
Let the ration at position x be defined as
qx =
1
sx
. (3.14)
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The following lemma proves some useful property of the ration that is needed
to show the space balance.
Lemma 33 For any 0 <  < 1, if s ≥ (6 lnN)
σ2
with σ = 1+ , then w.h.p.
qx ∈
[1 − 
s
,
1 + 
s
]
for all x ∈ [0, 1). Furthermore, for any x ∈ Ii,
E[qx] ≤ (1 + )s .
Proof. We already know from Lemma 31 that E[sx] = s for all x ∈ [0, 1). Further-
more, the Chernoff bounds (Lemma 6) imply that for any 0 <  < 1
Pr[sx ≤ (1 − ) · s] ≤ e−2·s/2
and
Pr[sx ≥ (1 + ) · s] ≤ e−2·s/3 .
Using σ = 1+ we get
Pr
[
qx ≥ 1 + s
]
= Pr
[
1
sx
≥ 1
(1 − σ) · s
]
= Pr [sx ≤ (1 + σ) · s]
≤ e−σ2·s/2
and
Pr
[
qx ≤ 1 − s
]
≤ Pr
[
1
sx
≤ 1 + 
(1 + 2) · s
]
= Pr
[
1
sx
≤ 1
(1 + σ) · s
]
= Pr[sx ≥ (1 + σ) · s]
≤ e−σ2·s/3 .
From these two inequalities it follows that if s ≥ 6 lnN
σ2
, then qx ∈
[
1−
s ,
1+
s
]
with
probability at least 1 − 2N2 . Since we have at most 4N different frames this is true
for all xwith probability at least 1 − 8N .
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Now we compute E[qx] for s ≥ 2 lnNσ2 in the case that x ∈ Ii for some i, i.e.
sx ≥ 1. It holds that
E[qx] =
∞∑
c=1
1
c
· Pr
[
qx =
1
c
]
≤ 1 · Pr
[
qx ≥ 1 + s
]
+
1 + 
s
· 1
≤ 1
N
+
1 + 
s
≤ 1 + 
′
s
for some constant ′ very close to . Note that N is the maximal number of disks
in the network and can be made arbitrarily large. This completes the proof.
We are now ready to define the quota of each virtual disk, i.e. the number
of blocks that are mapped to it.
Definition 34 (Quota) The quota of virtual disk Di is defined as
Qi =
∫ g(i)+s·ci
x=g(i)
qx dx .
In otherwords, the quota of diskDi denotes the number of blocks that aremapped
to it if the underlying uniform strategy can guarantee an even distribution. Now
we can prove that the quota for a disk differs only by an arbitrary small factor from
its share ci. In fact, we bound the quota using the above bounds for the ration.
Lemma 35 For all 0 <  < 1 it holds that if s ≥ 6 lnN
σ2
with σ = 1+ then
Qi ∈ [(1 − ) · ci, (1 + ) · ci]
for all i w.h.p.
Proof. We use the property of qi stated in Lemma 33 to prove the lemma. Given a
stretch factor s ≥ 6 lnN
σ2
with σ = 1+ , it follows from Lemma 33 with a probability
at least 1 − 8N that for all i,
Qi =
∫ g(i)+s·ci
x=g(i)
qx dx
≤
∫ s·ci
x=0
1 + 
s
dx
= (1 + ) · ci . (3.15)
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Furthermore, it holds with probability at least 1 − 8N that for all i,
Qi =
∫ g(i)+s·ci
x=g(i)
qx dx
≥
∫ s·ci
x=0
1 − 
s
dx
= (1 − ) · ci . (3.16)
From Inequality (3.16) and Inequality (3.15) the lemma follows.
After characterising the quota of any disk Di, we are able to prove the space
balance property for the Share strategy.
Theorem 36 Given a storage network S(n,C[n]) and p blocks, the Share strategy is space
balanced if s = Ω(lnN).
Proof. Weprove the space balance property by showing an even stronger property,
namely that the number of blocks on every disk differs from the optimal by not
more than a factor of  for any  > 0 with high probability.
For the underlying uniform distribution strategy we use the Nearest Neigh-
bour strategy (see section 3.1.1) because it can be shown that for any given n disks
and p blocks, the expected number of blocks hosted by diskDi is within (1±′)·ci ·p,
where ′ can be brought arbitrarily close to 0.
Now, let the random variable Bx denote the number of blocks bwith h(b) = x,
or more precisely with h(b) ∈ [x, x + dx] for dx → 0. Similar to the definition of qx
above, let Bix denote the number of blocks in Bx that are hosted by disk Di. Now
we define the random variable Li which denotes the load of disk Di, i.e. the total
number of blocks stored by Di, by using the above notations. It holds that
Li =
∫ s·ci
x=0
Big(i)+x dx .
From the fact that the Nearest Neighbour strategy is space balanced, we can
conclude for all x ∈ Ii that
E[Bix] ≤
∑
b,c≥1
(1 + ′) · b
c
· Pr[Bx = b] · Pr
[
qx =
1
c
]
= (1 + ′) · E[Bx] · E[qx]
≤ (1 + ′) · (p · dx) · 1 + 
s
where  and ′ can be made arbitrarily small. The fact that E[qx] ≤ 1+s follows
from Lemma 33. Hence, it holds for the expectation value of the load of disk Di
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that
E[Li] =
∫ s·ci
x=0
E
[
Big(i)+x
]
dx
≤
∫ s·ci
x=0
(1 + ′′) · p
s
dx
= (1 + ′′) · p · ci
where ′′ could be brought arbitrarily close to 0. Using the same arguments, it can
be shown that
E[Li] ≥ (1 − ′′) · p · ci
where ′′ can be made arbitrarily small too. This proves the theorem.
It remains to show that the Share strategy adapts to changes in the num-
ber of disks. We use the share vectors defined in the introduction for repre-
senting heterogeneity. Let the change in the storage network be given by the
share vectors c = (c1, c2, · · · , cN), the capacity distribution before the change, and
c′ = (c′1, c
′
2, · · · , c′N), the capacity distribution after the change, respectively. The
Share strategy performs the following lazy update strategy.
Let 0 < λ < 1 be some fixed constant. This constant is used to define the
laziness of the Share strategy, i.e. it only changes the share for diskDi from ci to c′i if
c′i ≥ (1 + λ) · ci (3.17)
or
c′i ≤ (1 − λ) · ci . (3.18)
Clearly, applying this strategy can cause the share of the whole system to differ
from 1, but the deviation is within 1 ± λ. So, as long as λ is sufficiently small, this
does not effect the results mentioned above. In other words, the Share strategy is
still space balanced with respect to the correct capacity distribution.
When the capacities of disks change, a number of blocks need to be redis-
tributed such that, afterwards, the call to U(b,Sh(b)) results in the correct
disk for block b. There are various solutions to solve this task algorithmically, i.e.
identify the blocks that need to be moved. However, this is rather an implementa-
tion issue, and currently we are only interested in the volume of replaced blocks,
i.e. the competitive ratio of the Share strategy.
The following theorem shows the adaptivity of Share.
Theorem 37 Given a stretch factor of s = Ω(lnN) the Share strategy is at most (2 + )-
competitive for any  > 0 in case of any change in the characteristics of the underlying
storage network.
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Proof. To prove the adaptivity we need to consider two different scenarios. First,
the number of blocks pmay change. Clearly, none of the disk intervals Ii changes
and, hence, no block is moved. The use of random hash functions guarantees that
the space balance property is preserved.
Second, the number of disks and consequently, the size of the intervals Ii
may alter. Suppose that the change is given by a share vector c′ = (c′1, . . . , c
′
N)
and the current configuration, according to the lazy update strategy, is given by
c = (c1, . . . , cN). Let the deviation induced by the lazy update rule be expressed
by α, i.e. α ∈ [−λ, λ] is defined by ∑i ci = 1 + α. From the size of the stretch factor
s = Ω(lnN) we conclude that
E[sx] ∈ [(1 − )(1 + α) · s, (1 + )(1 + α) · s]
for some constant  > 0 that can be made arbitrarily small. From this it follows
that for the expected quota of disk Di the following property holds
E[Qi] ∈ [(1 − )(1 + α) · ci, (1 + )(1 + α) · ci] .
Consider now some fixed disk Di. If c′i is within (1 ± λ)ci then ci does not
change according to the lazy update rule. Thus, the number of replaced blocks
caused by disk Di is zero. Otherwise, c′i = (1 + β)ci for some β not in [−λ, λ].
Following the lazy update rule, the share for that disk is set to c′i . As we know
from the introduction of share vectors, we need to consider the case that c′i > ci, in
which case the expected number of replaced blocks is at most
(1 + λ)
(
(1 + ) · c′i · p − (1 − ) · ci · p
)
= (1 + λ)
(
c′i − ci + (c′i + ci)
)
· p
≤ (1 + λ) (β · ci +  · (2 + β) · ci) · p
≤ (1 + γ) · β · ci · p
= (1 + γ) · p ·
∣∣∣c′i − ci∣∣∣
for any γ > 0 if λ > 0 and 0 <  < λ · γ2 are sufficiently small. This restriction
holds because we know that α ≤ λ and β ≥ λ. For the case c′i ≤ ci, we only need
to exchange c′i and ci in the above calculation, and we get the same bound of
(1 + γ) · p ·
∣∣∣c′i − ci∣∣∣ for the expected number of replace blocks in the worst case.
Summing up, we can conclude that the Share strategy requires themovement
of at most
(1 + γ) ·
∑
i
∣∣∣c′i − ci∣∣∣ · p
blocks when changing the capacity distribution from c to c′. Since the minimum
amount of blocks needed to be replaced when staying space balanced is given by∑
i:ci>c′i
(ci − c′i ) · p =
1
2
·
∑
i
∣∣∣c′i − ci∣∣∣ · p ,
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Figure 3.12: The figure depicts the two possible situations of replacement when a
new disk enters the storage network. On the left hand side, the figure shows the
shrinking of an existing interval. The contents in frame F j must be moved. The
right hand side depicts the addition of a new disk to an existing frame F j.
the theorem follows.
As noted before, we need a uniform strategy to make Share work, because
we have to solve a uniform setting in the second phase. Unfortunately, not every
such strategy is applicable. Now, we discuss the properties of the underlying
uniform strategy demanded by Share.
Clearly, the uniform strategy used has to meet our requirements, i.e. must be
space balanced and adaptive. Otherwise, we are not able to prove Theorem 36.
Furthermore, in Theorem 37we have shown that the expected number of replaced
blocks is only twice the optimal number. Clearly, the underlying uniform strategy
must be able to cope with the replacements appropriately. It turns out that the
requirements of adaptivity are in essence the following property.
Definition 38 (monotone) A distribution strategy is monotone if it can ensure that in
the case of a change in the number of disks, blocks are only moved towards (away from)
the new (failed) disks.
The monotonicity is the crucial property when it comes to adaptivity. If we
cannot guarantee that blocks only move towards newly introduced disks, the
competitive ratio for a strategy is hard to bound.
Looking at the uniform distribution algorithms of section 3.1 we get the
following corollaries.
Corollary 39 The Nearest Neighbour strategy is monotone when adding disks.
Corollary 40 The Cut-and-Paste strategy is monotone when adding disks.
Let’s have a closer look at the mechanisms behind the replacements. From
Theorem 37 we know that the expected number of blocks that need to be replaced
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is twice as high as the number any optimal strategy has to move. After a change
there are two main tasks to consider. First, the existing intervals have to shrink
when a new disk enters the storage network. Second, blocks have to move into
the new interval associated with a new disk. The latter is easier to solve because
it is just the addition of a disk in the uniform setting. Let the new disk be denoted
by Dn+1. Then, we have to add this disk to all frames completely covered by In+1
and the two frames induced by the endpoints of In+1 (see the right hand side of
Figure 3.12). This is easy because it corresponds to the addition of a new disk
in the uniform setting.
The former is much more difficult and defines a further restriction on the
underlying uniform strategy. To see this, let us illustrate the necessary steps in an
example. Consider an arbitrary frame F j. When a new disk is added to the storage
network, all existing intervals Ii are shrinking. This means that the right endpoint
defining F j moves to the left and all blocks stored onD j falling into this area must
be replaced. This corresponds to the removement of that disk in the group of disks
defining that frame, i.e. in the uniform setting. Hence, the underlying uniform
strategy has not only to be monotone when a disk is added but also when a disk
is removed. From section 3.1.2 and section 3.1.1 we can conclude the following.
Corollary 41 The Nearest Neighbour strategy is monotone when removing a disk.
Corollary 42 The Cut-and-Paste strategy is not monotone when removing a disk.
How many blocks are involved in the shrinking of intervals? We know from
the analysis that the expected number of blocksmoved to the newdisk is cn+1 ·p, i.e.
it is related to the capacity ofDn+1. Hence, the existing intervals all together shrink
proportional to cn+1 too. So, if we could not preserve the good adaptivity for the
underlyinguniformstrategy,we lose a factor in the adaptivity of the Share strategy.
It follows that we can only assure the adaptivity if we use the Nearest Neigh-
bour strategy as the underlying uniform strategy.
To summaries the chapter, one can said that the Share strategy is a simple and
efficientmethod to solve the heterogeneous distribution problem. Nevertheless, it
has some drawbacks. First of all, we can only guarantee that the expected number
of blocks per disk meets the heterogeneous capacity distribution. In other words,
the number of blocks stored on disk Di is not highly concentrated around the
capacity of Di. This could only be improved if the stretch factor s is very high
which results in a larger space requirement for Share.
The seconddisadvantage concerns the space consumption. Insteadofdepend-
ing on n, the number of disks currently in the network, the space requirements
rely on N, the maximum number of disks.
Nevertheless, in Chapter 5 we show that the quality is sufficient for practical
purpose and the limiting factor is not the reduction phase but the underlying
uniform strategy.
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Figure 3.13: The figure illustrates the general approach of the Sieve strategy. The
example shows a configuration for 4 disks. Hence, there are 8 scopes. The disks
ranges are denoted by shaded areas and mapped to scopes such that at most half
of the scopes are covered. A block is stored on disk Di if its hash value h j(b) falls
in the range of disk Di for some stage j. All blocks that cannot be places in any
stage are stored on the fallback disk.
3.2.3 The Sieve Strategy
The Sieve algorithm overcomes most of the drawbacks inherent to the Share strat-
egy. Nevertheless, this involves a higher number of random hash functions. The
most important advantage to the previous distribution algorithm is the absence
an underlying uniform subroutine.
The Sieve strategy is organised, as the name suggests, as amultistage filter. In
each stage, a certain number of blocks are assigned to disks and only the remaining
blocks enter the next stage. In each stage j, we use a hash function h j : U → [0, 1)
that maps the blocks uniformly at random into a [0, 1) interval. Suppose that the
initial number of disks is equal to n. Then we cut the [0, 1) interval into
n′ = 2dlogne+1
scopes of size 1n′ . In otherwords, we create at least twice asmany scopes aswe have
disks. Now, whole scopes, or portions of them, are associated with disk ranges,
the mesh of the sieve. Any scope can only be chosen by one disk. If a scope is
chosen by disk Di then any portion of the scope starting at the left boundary of
it may be covered by a disk range. The size of the disk ranges will be specified
later. If the hash value of a block falls into a range, the block is assigned to the
disk owning that range. We call a scope completely occupied by disk Di if the disk
range of disk Di covers the whole scope. A disk may own several scopes but it
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Algorithm S(b):
Input: block b
Output: disk number that stores b
for i = 1 to L do
set x = hi(b)
if x is in some covered scope of disk Di then return i
return number of fallback disk
Figure 3.14: The Sieve algorithm.
is only allowed to have one not completely covered scope. The general principle
of the Sieve strategy is depicted in Figure 3.13.
The size of the disk ranges is chosen such that any disk covers not more than
ci
2 of the whole interval. In fact, the size will slightly deviate from that but at the
moment it is acceptable to assume that value. The property ensures that only half
of the [0, 1) interval is covered by disk ranges. We could state the following lemma.
Lemma 43 For any capacity distribution it is possible to assign scopes to the disks in a
one-to-one fashion such that each disk can select scopes in [0, 1) of total size at most ci2 .
Proof. Because we know that every disk has only one partly covered scope, the
overall number of them is bounded by n. Hence, there remain at least n scopes
with an accumulated size of at least 12 . These are sufficiently many to completely
hold the remaining completely occupied scopes because their accumulated size is
at most 12 .
So, it is possible to find correct assignments of disks to scopes. To access
an arbitrary block b, we use the algorithm stated in Figure 3.14. The fallback
disk is defined later. The number of stages is equal to L which we set initially to
L = logn′ + f for some parameter f which is specified later too.
Analysis
We start the analysis of the Sieve strategy by stating the time and space complexity
to access an arbitrary block b.
Theorem 44 The Sieve strategy can be implemented such that the disk hosting an arbi-
trary block b can be determined in an expected time of O(1) requiring O(n) words plus the
space for L, L-way independent random hash functions.
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Proof. From the fact that the disk ranges cover only half of the [0, 1) interval,
we conclude that the probability of assigning an arbitrary block b in stage j is 12 .
Hence, the expected computation time to determine the disk hosting b is O(1).
The space of O(n) words is needed to manage the n disk ranges. This is the
only information needed for the block access, apart from the L hash functions and
some O(1) information holding constants like n′ and n.
Now we are ready to fix the still undefined parameters and complete the
description of the Sieve strategy. Recall the access of a block from Figure 3.14. We
call a block failed if it cannot be assigned in the for-loop of the algorithm, i.e. if it
cannot be mapped to a disk in any of the L stages. Clearly, the expected fraction
of failed blocks is equal to 12L . Thus, we can expect that any disk, apart from the
fallback disk, gets an allotment of
ci ·
(
1 − 1
2L
)
. (3.19)
Clearly, this is not the desired property because, to ensure space balance, we want
to have that every disk gets ci · p of all blocks. To overcome this, we carefully
choose a fallback disk and adjust the shares appropriately.
Initially, the fallback disk is set to the disk with the largest capacity. During
the service time of the storage network, we change the fallback disk only if its
capacity is exceeded by a factor of 2 by some new disk. In this case, the new disk
becomes the new fallback disk.
Now, we have to adjust the shares of the disks accordingly to ensure a bal-
anced distribution. Let every disk, except the fallback disk D f , choose an adjusted
share of
c′i =
ci
1 − 12L
, (3.20)
and let the fallback disk D f choose an adjusted share of
c′f =
c f − 12L
1 − 12L
. (3.21)
The summing up of the adjusted shares shows that we still have a valid share
distribution; ∑
i
c′i =
1 − ci
1 − 12L
+
ci − 12L
1 − 12L
= 1 .
Thus, we can state the following theorem.
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Theorem 45 Given a storage network S(n,C[n]) and any p blocks drawn from the uni-
verse U, the Sieve strategy is space balanced and can guarantee that every disk Di gets at
most
di = ci · p + O
(√
ci · p logn
)
blocks w.h.p. if
√
3 · c · lognci·p < 1 for some constant c > 0.
Proof. The space balance follows from the fact that the random hash functions
ensure the independent mapping of blocks into the [0, 1) interval. Furthermore,
the adjusted shares guarantee that the number of blocks stored on disk Di is
according to its share ci.
Additionally, the number of blocks placed on a disk is highly concentrated
around the expected value. In other words, we get a high probability that any
disk contains the expected number of blocks. Because the blocks are mapped
independently at random, we are allowed to apply the Chernoff bounds from
Lemma 6 gaining the following bounds:
Pr[di ≥ (1 + ) · ci · p] ≤ e−min{2,}·ci·
p
3 (3.22)
and
Pr[di ≤ (1 − ) · ci · p] ≤ e−2·ci·
p
2 (3.23)
for every  > 0.
To prove the bound on the concentration, we only need to set  such that
high probability is ensured. We use Inequality (3.22) to derive that  for which the
probability drops below 1nc ,
Pr[di ≥ ci · p +  · (ci · p)] ≤ e−min{2,}·ci·
p
3 .
From the right hand side we get the following, assuming  < 1,
e−2·ci·
p
3 ≤ n−c
nc ≤ e2·ci· p3 .
Setting
 =
√
′ · logn (3.24)
leads to
nc ≤ e
(√
′·logn
)2·ci· p3
nc ≤ elogn·′·ci· p3
nc ≤ n′·ci· p3
′ ≥ 3 · c
ci · p .
Substituting this into Inequality (3.24) concludes the proof.
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It remains to analyse the adaptivity of the Sieve strategy. Here, we must not
only consider a change in the capacity but also take three other alterations into
account for which a replacement of blocks becomes necessary.
1. Change in the capacity (adding or deletion of disks),
2. Increase the number of n′ scopes to accommodate additional disks,
3. Change of fallback disk, and
4. Increase the number of stages L to ensure that 12L is below the share of the
fallback disk.
Because the Sieve strategy relies on random hash functions, there is no need to
consider the change in the number of blocks. It still remains space balanced.
We begin the analysis of adaptivity by considering a change in the capacity
(case 1 above). Let the share vector p = (p1, . . . , pN) represent the capacity distribu-
tion before the change and let q = (q1, . . . , qN) represent the situation afterwards.
The Sieve strategy responds to the change as follows: Every disk Di with qi < pi
reduces its occupied scopes such that it has only one partly occupied scope after-
wards, and every disk Di with qi > pi extends its range such that thereafter it has
also at most one partly occupied scope. It can easily be seen that there are always
enough scopes left to accommodate the ranges of all disks which increased their
ranges as long as we always start with the disks decreasing their ranges.
It remains to bound the expected fraction of blocks that need to be replaced.
Theorem 46 For any change in the capacity distribution (from one shared vector to
another) that does not involve the change of the fallback disk, the Sieve strategy is 2-
competitive.
Proof. For the proof we need to consider the adjusted shares of the disks. Let p′i
and q′i be the adjusted shares of disk Di before and after the change, respectively.
For any i with qi < pi the fraction of the [0, 1) interval taken away from disk Di
is equal to (q′i − p′i )/2 due to the fact that only a portion corresponding to ci/2 is
occupied by Di. For the same reason, the fraction of the [0, 1) interval added to
any disk Di with qi > pi is equal to (p′i − q′i )/2. Hence, we can conclude that the
expected fraction of blocks participating in the first stage of the Sieve strategy and
affected by the change is equal to
||p′ − q′||
2
with
||p′ − q′|| =
n∑
i=1
|p′i − q′i | . (3.25)
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This holds for all stages in the sieve. Therefore, for the remaining blocks that
previously participated in the next or even one of the further stages, the fraction
affected by the change is also equal to ||p
′−q′ ||
2 .
Now, for any stage j ∈ {1, . . . , L}, let X j denote the fraction of blocks previ-
ously participating in stage j, and let Y j denote the fraction of these blocks still
participating in stage j that have to be replaced. Note that we can exclude the
failed blocks because any of these that still fail are placed to the same fallback
disk. Using this notation, the number of blocks that need to be replaced can be
expressed by
Y =
L∑
j=1
Y j . (3.26)
Since it holds that for a given X j the expectation value of Y j is defined by
EX j [Y j] ≤
1
2
· ||p′ − q′|| · X j , (3.27)
we get for any given X1, X2, . . . , XL that
EX1,...,XL [Y] =
L∑
j=1
EXi, ...,XLY j
≤ 1
2
· ||p′ − q′||
L∑
j=1
X j .
From the fact that only half of all participating blocks in each stage are placed, we
know that the expected value on the number of participating blocks in any stage
j is defined by
E[X j] =
1
2 j−1
.
Hence, it follows that the expectation value of the number of replaced blocks can
be expressed by
E[Y] ≤ 1
2
· ||p′ − q′||
L∑
j=1
1
2 j−1
=
(
1 − 1
2L
)
||p′ − q′||
=
(
1 − 1
2L
) ||p − q||
1 − 12L
= ||p − q|| . (3.28)
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Since we know that any space balanced strategy has to replace at least a fraction
||p − q||
2
of all blocks the lemma follows from Inequality (3.28).
Next we consider the adaption (increase) of the number of scopes n′ (case 2).
This only happens if the restriction of
n′ = 2dlogne+1
is violated due to some new disk. In this case, we simply subdivide each scope
into two new ones. Afterwards, every disk still has only one partly occupied
scope and, hence, nothing has to be replaced.
Let’s consider the change of the fallback disk (case 3). Note that this only
happens if a new disk has a maximum share of at least twice the share of the
current fallback disk. Denote by D1 the current fallback disk and by D2 the new
one, w.l.o.g. Assume further that the number of disks in the network is n. Then
the new fallback diskD2 has a share of at least 1n . Furthermore, at the timeD1 was
selected as a fallback disk, its share was at least as large as the share ofD2. Hence,
the total amount of changes in the shares ofD1 andD2 since thenmust have been at
least 12n . Changing from D1 to D2 involves the movement of an expected fraction∣∣∣∣∣∣∣c1 −
1
2L
1 − 12L
− c2
1 − 12L
∣∣∣∣∣∣∣ +
∣∣∣∣∣∣∣ c21 − 12L −
c1 − 12L
1 − 12L
∣∣∣∣∣∣∣ ≤ 32L − 1
of all blocks. If we choose the parameter f for the number of stages carefully
(sufficiently large), we get
3
2L − 1 
1
2n
.
Hence, we can ’hide’ the replacement work for the change of the fallback disk in-
side the movements needed to adapt to the necessary capacity changes of the
system.
The last change we consider is the growth of the number of stages L (case 4).
This might be necessary once in a while if many new disks are introduced into
the storage network and the fallback disk might become incapable or unwilling
to store a fraction 12L of all blocks. By pursuing the following strategy, we ensure
that this does not happen.
Whenever the share of a fallback disk is less than 12L−t for some integer t we
increase the number of levels by one. Clearly, this causes the replacement of some
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blocks, but we show that this overhead could be ’hidden’ inside the amount of
blocks needed to be replaced due to changes in the capacity distribution.
Let Dk be the fallback disk that requires an increase in the number of stages
from L − 1 to L. If no such disk exists, we choose the initial fallback disk D j.
Furthermore, let Dl be the current fallback disk that calls for an increase in the
number of stages from L to L + 1. From our assumption we know that Dk had
a share of at least 1/(2L−(t+1)) when it became a fallback disk. Assume that Dl
overtook the role of the fallback disk fromDk. Obviously, its share had to be twice
as large as the share ofDk. Furthermore, its share was at most as large as the share
ofDk whenDk became the fallback disk because otherwise wewould have chosen
Dl as the fallback disk. Hence, the total amount of changes in the shares of Dk
and Dl must have been at least 1/(2L−t). With similar arguments it is possible to
show the same for a longer history of fallback disks.
Changing the number of stages from L to L + 1 involves the movement of
an expected number of at most∑
i,k
∣∣∣∣∣∣∣ ci1 − 12L −
ci
1 − 12L
∣∣∣∣∣∣∣
 +
∣∣∣∣∣∣∣ck −
1
2L
1 − 12L
− ck −
1
2L
1 − 12L
∣∣∣∣∣∣∣ ≤ 22L − 3 (3.29)
blocks. Again, if we choose t and f ≥ t to be sufficiently large, we get
2
2L − 3 
1
2L
. (3.30)
It follows that, again, we can ’hide’ the effort to change the number of stages
inside the replacements necessary to accommodate changes in the distribution
of shares.
This leads to the following theorem.
Theorem 47 Given a storage network S(n,C[n]) and p blocks, the Sieve strategy is
(2 + )-competitive where  > 0 can be made arbitrarily small.
Proof. The theorem follows from the above reasoning.
The Sieve strategy is not only space balanced and adaptive but could also
be applied in a distributed way. If every disk has complete knowledge about the
capacity distribution, every disk could consistently and independently react to
changes. It only has to derive the correct changes in the assignment. Then, every
disk can independently check if there is any block falling into one of its former
scopes that calls for replacement. Similar techniques could be applied to any of
the situations that change the configuration.
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C       4
Application Storage Virtualisation
In the last chapters we gave the theoretical background for the efficient use of
storage networks. We devised two algorithms that are capable of handling het-
erogeneous storage networks in terms of space and access balance, efficient data
access, and adaptivity. Now we look at some application of our strategies. This
chapter closes the gab between theory and practice. More specifically, after ab-
stracting the theoretical model from practical considerations such as disk access
and network properties, we come back to practice and give details of an actual
implementation.
The primary reason for the introduction of storage networks, from the practi-
cal point of view, is the centralisation of storage resources, i.e. the concentration
of all storage devices into one single network. This has a number of advantages,
like low maintenance costs, easier and simpler administration, higher flexibility,
and faster response to changes. However, these advantages only come to pass if
a number of properties are fulfilled. In general, we must be able to separate the
physical representation from the logical view of the storage resources. Why is that
so? Centralising all storage resources means to manage the storage as one large
entity. This suggests the flexibility to use the storage space as it is needed by appli-
cations until there is non left. Furthermore, new applications may be introduced
with new storage needs. However, this can only be achieved if the applications
have an abstract view of the storage resources which changes only according to
their demands. Such an abstraction of storage is called storage virtualisation.
There are three main tasks to be solved to implement storage virtualisation.
1. Associate a group of storage devices to each logical view.
2. Distribute data elements over these groups.
3. Define mechanisms to expand and shrink these groups.
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Obviously, any strategy implementing all the above points defines an abstraction
of physical storage resources. Note that the last property is needed to achieve
flexibility.
In the business world storage virtualisation is closely related to storage area
networks (SAN). SANs, like storage networks, consist of storage devices and/or
storage subsystems connected by a high-speed special-purpose network. Data
servers,whichhandle the access to storage, are connected to thenetwork. Different
to storage networks, the software and hardware basis to handle data retrieval,
data migration, sharing of data, etc. are part of the storage area network. Due
to that fact, SANs are mostly monolithic systems. Usually, their compatibility is
restricted to vendor dependent products.
The virtualisation conditions noted above are the foundations for the appli-
cation of adaptive distribution schemes in that field; these strategies are capable
of mapping any number of data blocks to any number of storage devices. Fur-
thermore, the adaptivity ensures that only a minimal number of blocks has to be
migrated to transform the storage network from one configuration into another.
In other words, applying for instance the Share strategy to a changing group of
storage devices enables storage virtualisation.
In this chapter, we describe the implementation of our storage virtualisation
approach. We beginwith some arguments concerning the general way of realising
virtualisation. There are a number of different approaches which differ in the
place where the data mapping is implemented. This discussion leads to a general
description of our virtualisation solution. Anumber of issues have to be addressed
before the Share strategy can be used, like the size of blocks, or how to preserve
consistency. Then we give an introduction of its main components. One part is
directly implemented into the kernel of the Linux operating system. To get an
idea about the major coherences, we introduce the mechanisms of data access to
block devices under Linux including the general file system structure.
4.1 Storage Virtualisation
Storage virtualisation is an abstract concept separating the physical from the
logical viewof storage resources and it is implemented on top of a storage network.
In general, the virtualisation corresponds to a special mapping of data to disks.
Inside the storage network, such a mapping could be integrated into several
different components. The only restriction is that it has to happen somewhere
along the access path from the connecting server to the storage devices. There
are five major variants.
1. Symmetric or In Band
2. Asymmetric or Out of Band
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3. Server-based
4. Switch-based
5. DASD-based (Direct Attached Storage Device)
The first two solutions make use of so-called appliances which implement the
virtualisation strategy. In the symmetric case, all data paths to the attached storage
devicespass throughoneof the appliances. This eases the implementationbecause
one has direct access to all data requests. However, the scalability of the system
is costly due to the fact that more appliances are needed.
In the asymmetric solution, the appliances are outside the direct data path.
They keep track of the attached devices and give their information back to the
accessing servers. The third approach is very similar to the asymmetric case.
Instead of an appliance, the server themselves have to keep the virtualisation
information.
The switch-based solution is, from our point of view, the most promising
approach. Here, the virtualisation is incorporated into thenetworkhardware itself.
It is part of the storage area networkwithout limiting its scalability. Unfortunately,
the implementation can be done by major vendors only.
The last approach uses only subsystems that are directly attached to a host,
like SCSI devices attached to a bus. It is themost simple solution and has themajor
drawback of lack of scalability. Nevertheless, it is the most widespread solution
because of its simplicity. In this work, it is only noted for historical reasons.
For our implementation we choose the asymmetric approach. The major rea-
son for that is the possibility to implement it entirely in software. That would
not be possible for the symmetric and switch-based solution. Furthermore, we
are interested in the scalability. In the asymmetric solution the limiting factor
is the performance of the appliance. However, we have designed the adaptive
distribution algorithms such that the space resources as well as the needed com-
putational power are low. Hence, the effect on the appliance should be, at least
in theory, minimised. The next section gives the details of how Share can be used
to implement a storage virtualisation.
4.2 Virtualisation with Share
The key to storage virtualisation lies in a flexible data distribution strategy. We
chose the Share strategy (defined in Section 3.2.2) for that purpose. It is not only
adaptive and space balanced but also easy to implement [BMS+03].
Nevertheless, the conversion of the randomised distribution strategy into a
working storage virtualisation is not straightforward. There are various problems
to be solved.
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The first, and most important, concerns the granulation of data elements.
The smallest accessible units are data blocks1. The block interface is capable of
accessing any arbitrary data block on a block device, e.g. magnetic disk drive.
Under Linux the size of a block is always a multiple of 512 byte. Above the block
interface, in terms of data granulation and abstraction, is the file system interface.
A file, in the broader sense, is an arbitrary collection of data blocks. Hence, the
file system is responsible for managing and organising files which includes the
handling of structure information (directories) and the management of free and
used data blocks. File systems can be fused together by the process of mounting,
i.e. a complete file system is integrated into an existing one at some special point
as a directory.
Atwhich abstraction level doweapply the Share strategy? Theblock interface
has the advantage of being clearly defined, in essence it is the reading andwriting
of arbitrary blocks to devices. Using this interface for our purpose entails the
definition of a new device and the implementation of a new device driver. Any
valid file system could then be built on that device. However, there are two
disadvantages to that approach. First, the Share strategy, or at least the procedures
preserving consistency, have to be implemented inside the kernel. Second, we
have to keep track of all accessed blocks. This is necessary due to the underlying
randomisation. While the distribution strategy gives us the correct disk to store
the data block we have no information about the position of that block on the
disk2. Therefore, we have to keep track of the physical positions of each accessed
block. Considering the resources of SANs (tera byte to peta byte), this results in
a tremendous waste of resources.
On the other hand, we could move the abstraction one level up and use
the file system level as an implementation platform. That does not mean that a
distributed data element is a file but that a new file system must be developed.
The drawbacks of the implementation of a new file system are incompatibility and
complexity. The restriction to one operating system can be avoided only, if the file
system is implemented on each operating system separately. Furthermore, the
file system interface to applications is far more complex than the block interface.
Above all, the mentioned granulation problem still remains.
To keep a higher compatibility, we choose the block interface. However,
instead of using data blocks, we coarsen the accessible data units by introducing
the concept of extents.
Definition 48 (Extent) An extent is a consecutive collection of data blocks on a disk.
The size of an extent is fixed initially but may change over time.
So, the distribution strategy takes extents as inputs and distribute them over
participating disks. The gain in space resources is acquired by a loss in the space
1In general, it is possible to use smaller units but it is highly inefficient on disks (see Section 1.1.1).
2Any possible criteria to define some pattern is destroyed by the randomisation.
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balance. The bounds from Section 3.2.2 have to be scaled to extents rather than
pure data blocks. Nevertheless, we believe that an extent size of about 1024
kilobytes is sufficient to achieve good results. The actual size of the extents should
dependon the size of the smallest disk and the size of thewhole SAN. Furthermore,
it should be possible to adapt the coarseness if the system grows.
Having fixed the building blocks for the Share strategy, we are now able to
substantiate the access point to the storage network.
Definition 49 (Virtual Device) A virtual device is a block device that consists of a
collection of extents.
In contrast to the theoretical view of storage networks, like taking the whole
network a one entity, we like to divide the network into storage pools. That might
appear inconsequential but it is very reasonable. Asnoted in the introduction, fault
tolerance plays an important role in the design of distribution schemes. There are a
number of different levels of reliability that demanddifferent safeguarding against
failure. To see this, consider two virtual devices where the first uses mirroring to
protect its extents and the other uses no fault tolerant scheme. If a disk D f fails,
the likelihood that it is hosting extents from one of the devices is the same for both
of them. However, that is not consistent with the decision of the administrator
to use a fault tolerant distribution scheme for that virtual device. For that reason,
we associate storage pools to virtual devices.
Definition 50 (Storage Pool) A storage pool is a collection of disks and/or storage sub-
systems. It is unique such that a device can only participate in one pool.
With the above definitions, we fix the external view of the storage network.
Any application using the virtualisation is provided with new virtual devices that
consist of a collection of extents drawn, according to the Share strategy, from a
number of disks arranged in a storage pool.
Another important problem to solve is consistency. On the one hand, we
need a global view of the storage area network and the used extents. This part of
the virtualisation is put into the appliance. On the other hand, the order of data
accesses to data blocks must be preserved. This is essential for data consistency.
However, during the redistribution of extents, as a result of a changed system, the
access to some extents is restricted. This task falls to the servers in general and
to the device driver in particular.
Now we are ready to characterise the solution in a bit more detail. The
virtualisation consists of four main components (see Figure 4.1):
1. Graphical User Interface (GUI)
This module is the administration tool for the SAN.
2. Device Driver
The driver manages all data accesses on the server side.
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Figure 4.1: Overviewof the virtualisation approach. The server and theGUI access
the SAN from the outside (LAN). The database and the disk tools are placed at the
appliance and there is communication with the servers. The servers themselves
access the SAN via virtual devices. To do so, the driver module is linked to the
Linux kernel.
3. Database
In the database we store all the relevant information about the storage net-
work itself. This is our consistent view of the storage network.
4. Disk Tools
The disk tools are a bunch of service tools responsible for replacement of
extents (disk agent), detection of new/changed devices (device detect), as
well as communication between server and database.
The GUI is Java-based and can be installed on any machine having access to
the SAN. Its main task is the administration of the storage network, i.e. creation
of storage pools, assignment of disk to pools, creation of virtual disks, etc. All
information from the GUI is sent to the appliance and entered into the database.
The appliance is hosting the SQL-based database and the disk tools, i.e. it
stores all metadata needed for the virtualisation. In the case of a change in the
configuration, the disk agent gets informed and starts the replacement of extents.
As noted before, the data access is established via the device driver in each
server. When they are linked to the kernel they contact the database and request
the current configuration. To handle the data accesses they maintain a data struc-
ture in which all extents for each device are stored. Whenever the driver gets an
address for which it has no extent, it requests it from the database and insert it
into its local structure.
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In the next section, we give a general overview of device drivers under Linux.
This does not only clarify the access to the storage network but also defines the
basics for the experiments in the next chapter.
4.3 Device Driver under Linux
As the implementation platform for the accessing server, we choose the Linux
operating system [RC01]. The reason is the open source concept of Linux which
enables us to integrate a new device driver into the kernel. As noted before, the
interface to access the storage network is a new device. In this section, we give
a short overview of Linux device drivers. This is not only necessary to illustrate
the implementation of the driver module but also essential to understand the
experiments given in the next chapter.
A device under Linux is a unit that is capable of managing data. There are
three kinds of essentially different devices:
1. Character Devices, which support the access in a character-based manner.
An examples of a character device is the printer interface lp.
2. Block Devices access a device, like magnetic disk drives, in blocks of fixed
size.
3. Network Devices communicate through an interface with other hosts. In-
stead of reading and writing procedures the device communicates with
routines for receiving and sending data packets.
The device system relies heavily on the file system concept. This means
that (almost) every device is represented as a file3. The access to a file is char-
acterised by three main operations: read, write, and seek. This is essentially the
same functionality that a device needs. Hence, any device driver has to support
these operations.
Access to devices is granted by so-called device files which can be found in
the special directory /dev in the main file system. In contrast to all other files in
the system, they possess two more parameters, namely the major number and
the minor number. These numbers tell the kernel which device driver it has
to call when such a file is accessed. While the major number characterises the
driver, the minor number differentiates the devices for the same driver. The tuple
(major,minor) is unique within the system.
3In general, directories are nothing more than files.
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4.3.1 The Linux File System
All data accesses on a Linux system have to pass the file system because every
access to a device ismade via the device files. This calls for a standardised interface
for all devices. Therefore, the file system is divided into a general interface (virtual
filesystem switch – VFS) and concrete implementations. From the application’s
point of view, any file is only a stream of data. It is the task of the file system
to handle this stream efficiently.
A file is strictly divided into metadata and the ’plain’ data itself. The most
important data structure is the inode structure. It contains all the relevant manage-
ment information, like owner, access rights, size, etc. Furthermore, it consists of
pointer structures to data blocks (simple, double and triple indexed). The access
to a file is handled via the inode of a file.
Any implementation of a file system, like EXT2, EXT3, Reiser [vH02], lies on
top of the virtual file system. This means they all have to realise the functionality
of the VFS. Apart from this, the main task of the proper file systems is the efficient
resource administration. This includes the allocation of free blocks, handling of
metadata, and keeping the consistency of the file system. To get the data from the
appropriate device the block interface is used (see Section 4.3.2).
Like the VFS itself, any implementation of a file system has a very similar
structure. Exemplarily, we give an overviewof the EXT2 layout in ascending order
of the data blocks. The zeroth block is reserved for the boot block, i.e. the data block
containing all the relevant code to boot the operating system. Next is the superblock
which keeps all metadata. The superblock is crucial for the integrity of the file
system. Therefore, copies of it are placed at different positions of the underlying
device. To have a faster access to the file structure, the inodes representing the
file system structure are stored in a cluster after the superblock. The rest of the
device consists of data blocks including index blocks.
File systems could be fused together at any directory, called mount point,
using themounting operation. The internal representation of the directory, namely
its inode structure, is overlaid by the uppermost level (root directory) of the fused
file system. Using that operation, very largefile systems storedondifferent devices
can be built, i.e. building separate file systems on each of the devices represented
by the device file and fusing them together with mount operations.
This technique is used for ourvirtualisation too. Asnotedbefore, our interface
is the block interface. Hence, we introduce a suitable driver together with a new
device file in /dev. Using this driver, we are able to build an arbitrary file system
onto that device and mount it to any mounting point in the file system tree.
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4.3.2 Access to Block Devices
The device realising the access to the storage network is a block device because,
essentially, it has to behave like a disk drive and it delivers data in blocks from
the participating disks.
Block devices access the data in chunks for fixed size. This is crucial for all
devices whose access time is almost independent from the size of the accessed
data. However, the access to data on block devices might be too slow. The Linux
operating system tries to close this gap by using parts of the main memory to
cache accesses to block devices. Hence, all read and write operations do not go
directly to the appropriate devices but are buffered in a part of the main memory,
called the buffer cache.
The buffer cache is organised by the buffer head structure. The buffer heads
consist of some fields needed to access the device, like block number, size, device
representation, etc. and a pointer to the data itself. They are organised into a
number of lists, like free heads, heads with changed data fields, or locked buffer
heads. There is only an access to the corresponding device if the buffers are
not yet read or its data field differs from the analogous data block stored on the
device4. The caching effect is achieved by writing a certain percentage of all dirty
buffers periodically.
All requests for data from a block device pass through the buffer interface.
They reach the kernel, more specifically, the device driver responsible for the
device hosting the corresponding file system, in the form of read/write requests
for buffer heads. This is the place where our driver intercepts. It maps the given
block number to an offset inside an extent and changes the device of the buffer
head to the device onwhich the extent is stored. To do so, the driver has to get and
preserve information about used extents. The mapping itself is realised by the
Share strategy. Instead of applying it inside the kernel, the driver communicates
with the database to get the relevant information. The reason is consistency. If
some information is lost, the driver can always contact the database to get the
relevant information.
The buffer cache technique improves the device access significantly because
a high percentage of requests are answered from main memory. However, it also
makes the virtualisation inside the kernel quite complex. As long as there is no
change in the storage pool, the mapping is easy. During a replacement phase, we
have to ensure the correct order of accesses to the device. This is accomplished
by using a locking mechanism. Whenever an extent is moved, we contact all
accessing server and demand authorisation. Inside the driver, requests to this
extent are blocked. After completion of the replacement, the driver gets informed
and unlocks the extent and all blocked requests are passed on to underlying
4The buffer head is called dirty in that case.
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Figure 4.2: The figure shows the data access from the applications point of view
in principle. The left hand side illustrates the standard access in a Linux system.
When an application reads/writes a file, the underlying file system uses the buffer
cache to get the appropriate data. A buffer head structure is filled by using the
appropriate diskdriver. The right hand side shows the access for our virtualisation
approach. Here, we have to communicate with the database to access a data block.
The Share strategy maps the extent to a disk. The allocation of space is done by
using the first free space of that device.
device drivers (to perform the actual disk access). Notice that this part of the
virtualisation is very sensitive to errors because failures in the direct data access
usually result in a deadlock inside the kernel, rendering the machine unusable.
For an application using the storage network, it is only interesting tominimise
the delay of data accesses. Hence, the device driver plays an important role in
the performance of the data delivery. How much overhead compared to normal
device accesses do we have to sacrifice for the virtualisation? The principle data
access is shown in Figure 4.2. The left hand side shows the general data access
under Linux. When a file is read of written, the application uses file system
functions. This results in data requests to the buffer cache. These requests are
answered by underlying device drivers (like SCSI layer) accessing the disk drives.
The right hand side of Figure 4.2 illustrates thedata access in our virtualisation
approach. The beginning and the end of the access chain are equivalent in both
approaches. The main difference lies in the fact that the driver does not know
a priori on which disk a data block can be found. Therefore, the driver module
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intercepts the data path after the file system and handles the mapping of block
addresses. First, it finds the extent containing the accessed data block. If this
extent was accessed before, the necessary fields in the buffer head structure are
changed and the request is passed on to the disk driver. If this was not the case,
the extent is requested from the database. The driver sends a message via the
communication network to the appliance hosting the database. In case the extent
exists, the database sends back the necessary extent information. A new extent
is found by applying the Share strategy on the extent address and allocating the
first free space on that device.
It follows that either the driver itself, the performance of the database, or the
bandwidth of the communication link could present a performance bottleneck.
4.4 Replacement
The replacement phase is realised by a cooperation of all main parts of the virtu-
alisation, namely device driver, database, and disk agent. The actual replacement
of an extent is implemented inside the disk agent. The full replacement algorithm
is given in Figure 4.3. It is not the most efficient implementation, yet, but it tries
to increase robustness.
The replacement algorithm has a number of performance relevant steps. Our
goal is to minimise the time an extent is locked inside the driver because all
requests for that extent are blocked and, hence, the application accessing it. Nev-
ertheless, we need to inform the servers about the change otherwise the accesses
might get lost. For that reason, we decided to replace each extent separately. This
increases the communication volume but decrease the delay of blocked accesses.
The overhead for the device driver during a replacement phase depends on
the number of replaced extents. For each of these, the driver has to find the correct
entry in its internal structures and set its status to replacementmode. Furthermore,
it has to unlock the extent when the replacement is finished, which takes the same
number of operations.
The communication with the disk agent is handled outside the kernel to im-
prove performance5. Information is transferred via the ioctl-interface (I/O control).
Using that interface, it is possible to hand over arbitrary data structures to a device
driver. The communication task is realised by one of the disk tools running in
user mode. It accepts all communications to the driver module.
5The kernel is the performance bottleneck because any application accesses the device driver.
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Algorithm R(vddev):
Input: virtual device vddev that is subject to changes
Output: replacement for all extents that changed their location
get a list of used extents for vddev from database
for all extents in list do
derive location of extent using Share
if location of extent changed then
reserve space on new device (database)
inform accessing server (driver) about replacement
wait for authentication from server
replace extent block-wise
inform server about new location
update database for new extent
end if
end for
Figure 4.3: The general (simplified) replacement algorithm. The algorithm checks
for every used extent if its location has changed and if that is the case copies it to
the new location.
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Performance Results
This chapter details the experiments conducted to test the performance of our
storage virtualisation approach. Some of the results presented here can be found
in [BMS+03].
Why are the theoretical results not sufficient to guarantee a good practical
behaviour? There are two main reasons for that. First, we use a randomised
algorithm for the core of our virtualisation. While we prove some of the theo-
retical results with high probability, some issues hold only for the expectation
value. Therefore, the distribution can vary significantly. Furthermore, the quality
depends of parameters, like the stretch factor. Hence, the feasibility of the strat-
egy, regarding the size of the parameters versus distribution quality, can only be
evaluated practically.
Second, a virtualisation is only practical if its induced overhead is accept-
able. This validates not only our solution but also provides insight into further
improvements. If we are able to characterise the overhead as detailed as possible,
we can look for replacements of the performance-killing components and, hence,
improve the solution significantly. Both arguments give sufficient justification for
a detailed examination of our implementation.
We start this chapter with some tests concerning the quality of the Share
strategy forwhich a test system is not required. This evaluates the implementation
of the strategy and assesses the distribution quality. The implementation itself is
straightforward. We fill a static data structure with all the important information
(starting points and end points of intervals, hash values for theNearest Neighbour
strategy) in a preprocessing step. For the generation of pseudo-random numbers
we use an implementation of the SHA1 (US Secure Hash Algorithm 1) [EJ01].
The evaluation is done with a number of artificially generated randomly chosen
inputs. Mainly, we are interested in the distribution quality of the Share strategy.
We measure the quality by its maximal and mean deviation from the optimal.
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The focus of the experiments lies on the induced overhead and stress of all
components of the solution, mainly the device driver. This is crucial because we
intercept the data path very close to the disks where requests are handled very
fast and only small amounts of data are delivered. Larger amounts of data give
the operating system some freedom to schedule these requests efficiently.
We test real-world scenarios with file system benchmarks1 because the file
system defines the access point to our virtualisation. To apply such benchmarks,
we only have to build a file system onto a virtual device and mount it to some
directory. Accessing this directory ensures that the virtual device is accessed.
The chosen benchmark, bonnie [Bra96], is a freely available, very simple
program. We modified the original code slightly to meet our requirements and
get more information concerning the induced overhead. Bonnie generates large
files in a given directory and performs different read and write operations on it;
1. Create the files by writing each character separately (with putc).
2. Read the files character-wise (using getc).
3. Write the files in a more sophisticated way in block-sized chunks (using
write).
4. Read the files block-wise (using read).
5. Rewrite the files in a block-wise manner, i.e. read a block, modify it slightly
and write it back.
6. Seek an arbitrary block (using lseek).
All but the last test are sequential, i.e. the files are accessed in consecutive order.
It follows that Bonnie captures the maximal possible performance rather than
average throughput because the number of seeks is minimised. Only the last test
resembles, in our point of view, a real-world situation.
Bonnie measures not only the throughput but also the CPU utilisation. In
general, the higher the throughput the higher the CPUutilisation because the CPU
is busy generating new requests if they can be answered very fast.
5.1 The Test System
The principle structure of the test system used is pictured in Figure 5.1.
The test system consists of two Pentium server connected to an FC-AL array
with 8 fibre channel disks. Both server have 2 Pentium II processors with 450
1A good overview of existing file system benchmarks under Linux can be found in [BRS01].
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Figure 5.1: The principle structure of the test system.
MHz and 512 kilobyte cache. Moreover, they have local access to a mirrored disk
drive containing the operating system and all relevant management information.
Both server run a Linux 2.4.18 kernel (Red Hat) and use the gcc version 3.2.2.
as the C-Compiler. The access to the disks is enabled by a host bus adapter (HBA).
Access to the disks is managed by the qla2300 driver.
The FC-AL array consist of four 17 gigabyte and four 35 gigabyte fibre channel
disks. They are connected with a 1 Gigabit switch. Each disk is partitioned into
one partition covering the whole disk.
5.2 Artificial Workloads
We begin the experiments by evaluating the quality of the Share strategy. The
tests are divided into homogeneous and heterogeneous configurations. All ex-
periments are conducted with a varying the number of disks. Due to the special
definition of heterogeneous behaviour, we cannot run these experiments for all
possible number of disks.
We apply two measures to assess the quality of the distribution. The first
method, called implementation quality, derives the best possible distribution. As
noted in Section 3.2.2 the Share strategy literally cuts the [0, 1) interval into ranges
andmaps these ranges to disks. Hence, the quality could bemeasured by deriving
the weight of each disk, i.e. the sum of ranges it is responsible for. Taking the first
phase (reducing heterogeneity), this is easily done by charging each disk with the
size of every frame it participates in divided by the number of disks in that frame.
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Figure 5.2: The figure shows the maximal deviation of the first phase for a number
of different seeds in a uniform setting, i.e. it is assumed that the ranges in each
frame are perfectly distributed among all disks in the frame in the second phase.
The y-axis states maximal difference from the optimal share in percent.
Note that this derives only a measure for the first phase because we assume that
the ranges are perfectly distributed in the second phase. To get the quality of the
whole strategy, we determine the share of each disk in the second phase (simply
by summing up the size of each of its arcs) and scale the weights of the first phase
accordingly. The quality of the distribution strategy is the better, the closer the
weight of each disk Di is to its share ci (its normalised capacity).
In a second batch of tests, we apply the Share strategy to a number of items
and derive the deviation from the optimal. This gives some insight into the
quality of the hashing of items prior to the reduction phase. From the analysis
of the strategy we know that the distribution quality depends on the number of
accessed items. By varying the number of items, the experiments give an answer
to the question of how many items are needed to come close to the maximally
achievable distribution. Obviously, this distribution is given by the weights of
the disks.
The used inputs are distributed according to different patterns. This includes
regular ones, such as a consecutive number of items or consecutive but separated
by a constant stride, and randomly chosen pattern.
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5.2.1 Homogeneous Setting
As noted before, the quality of the Share strategy depends on the stretch factor s.
From the analysis of the strategy we know that s = c · logn suffices to guarantee
the theoretical results. However, instead of changing the stretch factor for every
number of disks, we set s = 50 for the first set of experiments. Therefore, the
constant c varies between 50 and 10. This gives us some idea about the effect of
the size of the constant c.
Implementation Quality
The Share strategy is a randomised approach. Therefore, the distribution quality
depends on the random function and, hence, on the chosen seed for that imple-
mentation. In a first set of experiments we compare the quality for a number
of different seeds.
The maximal deviation from the optimal share for different random seeds
is depicted in Figure 5.2 and Figure 5.3. The first graph considers only the first
phase of the Share strategy, i.e. the size of each frame is proportionally ascribed
to each of its participating disks. In the second figure, the size of each frame is
divided according to the covered range of a participating disk in the second phase.
The tie breaking of the disks participating in one frame (uniform phase) is done
by the Nearest Neighbour strategy.
It can be seen that the choice of the random seed does not play an important
role in the first phase of the Share strategy. Although a seed produces good results
for a certain number of disks, it fails for others. For more than one hundred
different seeds, the maximal deviation is always less than 7%. Surprisingly, the
effect of the constant c is less than expected. While for most seeds (e.g. seed 2)
the deviation increases, the distribution gets better with an increasing number
of disks. We conclude that the effect of varying the constant factor is not very
pronounced in the first phase.
A slightly different situation can be found when both phases are considered.
Here, the second application of a randomised algorithm increases the deviation
significantly. In the worst case, we would have to waste about a quarter of the
storage resources on one disk. Interestingly, the effect of the constant stretch factor
is more apparent when both phases are considered. There is a constant increase in
the maximal deviation with growing n. This can be explained by the behaviour of
the Nearest Neighbour strategy. Its quality also depends on the number of disks
n. However, we apply it only to resolve the disks in a frame, which consists of a
small number of disks. Therefore, the effect is much less apparent.
How likely is the worst case measure of the maximal deviation? We could
shed some light on that subject by looking at the mean deviation presented in
Figure 5.4 and Figure 5.5. Considering only the heterogeneity resolving phase,
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Figure 5.3: The figure shows the maximal deviation of the Share strategy, using
the Nearest Neighbour approach to resolve ties in the second phase, for a number
of different seeds in a uniform setting. The y-axis states the maximal deviation
from the optimal share in percent.
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Figure 5.4: This diagram shows the mean deviation of the first phase for a number
of different seeds in a uniform setting, i.e. it is assumed that the ranges in each
frame are perfectly distributed among all disks in the frame in the second phase.
The y-axis states the mean difference from the optimal share in percent.
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Figure 5.5: The figure shows the mean deviation of the Share strategy, using the
Nearest Neighbour approach to resolve ties in the second phase, for a number of
different seeds in a uniform setting. The y-axis states the mean deviation from the
optimal share in percent.
the mean deviation is always less than 2% which is very promising. The strategy
as a whole stays close to 6% with increasing n. Notice that the graph flattens to
the end. This is due to the smoothing effect of larger n on the mean value. The
difference in the deviation gets leveled out the more disks are participating.
More interesting than different seeds is a varying stretch factor because it
significantly influences the quality as well as the needed space resources. The
maximal deviation for increasing stretch factors are shown in Figure 5.6 and
Figure 5.7 and the mean deviations are depict in Figure 5.8 and Figure 5.9. It can
be seen that the deviance varies significantly for varying factors. Whilewe achieve
good results for stretch factors of about 50, we decrease the deviation with a factor
of 200 to below 1% for the first phase. Again, the effect in not that pronounced
for the whole strategy. Here, we get down to 10% loss but the difference between
larger stretch factors decreases. This is be due to the Nearest Neighbour strategy,
as we explain in the next paragraph.
Looking at the mean deviation in Figure 5.8 and Figure 5.9 it can be seen
that the overall distribution quality of the Share strategy is very good. The first
phase achieves a mean deviation of less than 0.4% for a stretch factor of 200. The
charts give clear evidence of the influence of an increasing stretch factor. While
the first phase almost perfectly follows the changing value of the stretch factor,
the results for the full strategy are made murky by the influence of the Nearest
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Figure 5.6: The figure shows the maximal deviation from the optimal share in
percent for a uniform setting and varying stretch values. Only the first phase is
considered, i.e. it is assumed that the second phase distributes perfectly.
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Figure 5.7: The maximal deviation from the optimal in percent is shown for the
Share strategy. The disks are uniform and the Nearest Neighbour approach is
used for the second phase.
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Figure 5.8: The figure depicts the mean deviation from the optimal for the first
phase of the Share strategy in a uniform setting in percent. It is assumed that the
second phase distributes the shares perfectly.
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Figure 5.9: The mean deviation from the optimal share of the Share strategy in
a uniform setting is shown in percent. The tie breaking in the second phase is
realised by the Nearest Neighbour strategy.
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Figure 5.10: In this experiment we access a number of items via the Share strategy
in a uniform setting such that, optimally, each disk gets 10 items and measured
the maximal deviation in percent.
Neighbour strategy. This strategy cannot improve beyond a 3% barrier. This
matches earlier tests that evaluated the quality of the Nearest Neighbour strategy
[Sch00b]. Furthermore, a larger number of copies in the second phase has little
effect on the quality. Consider the curves for a stretch factor of 50, 100 and 200.
Although they can be clearly distinguished in the first phase, they look very
similar when the full strategy is regarded. The improvement is only in the range
of 2% to 3% (Figure 5.9).
To summarise this first part of experiments, it could be said that the strong
part of the Share strategy lies in the first phase, i.e. in resolving the heterogeneity.
We cannot judge theheterogeneousdistributionquality, yet. Crucial for the quality
is a good choice of the stretch factor. Furthermore, the distribution gets better the
more disks participate, even if the stretch factor is not adapted. This smoothing
effect with increasing n sets in earlier when the stretching factor is large.
Access Quality
As noted before, the disk weights limit the quality of the Share strategy, i.e. they
set an optimal. In this section we are interested in the number of items needed
to reach this optimal.
In a second set of tests, we access a varying number of items k in different
uniform settings and with changing stretch factors. To evaluate the hashing of
accessed items (identified by their addresses), we keep all parameters fixed and
use different access patterns, e.g. k arbitrary consecutive items, k items which are
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Figure 5.11: This figure shows the mean deviation from the optimal in a uniform
setting when the number of items per disk is set to 10.
separated by a constant stride, or k arbitrarily chosen items. It turns out that max-
imal deviation for varying patterns is insignificant. In other words, the hashing
of items breaks the pattern sufficiently to assume an even distribution. Hence, we
conduct all following experiments for the first k items in the address space.
The number of items accessed is scaled with the capacity of the system, i.e.
the optimal number of items per disk is set to 10, 100 and 1000 regardless of the
number of disks. Our choice needs interpretation because it has an influence on
size of an extent in the full system. Consider an off-the-shelf disk with a capacity
of 10 gigabyte. If we demand a maximum of 10 extents per disk, the size of
an extent is bounded from above by 1 gigabyte. In other words, we would try
to achieve saturation with that extent size. If we allow 1000 extents per disk,
the system would not saturate until the size of the extents reaches roughly 10
megabyte. Apart form that, using only a few items per disk yields to information
about the distribution when only a small number of items is accessed. These tests
give us an idea about the expected coarseness of the distribution.
As can be seen in Figure 5.10 and Figure 5.11, the distribution quality for
only 10 items per disk is not very promising. We get around 80% maximal
deviation and about 30%mean deviation. While these values are rather high, one
should keep inmind that the strategy relies on randomisation, i.e. the distribution
improves with growing n and with a increasing number of items. Furthermore, a
bad distribution is only problematic if the network approaches saturation because
then we would have to dimension the network rather lavishly. When we set the
extent size to a smaller value, the only bad effect is less parallelism when a batch
of items is accessed in parallel. We conclude that 10 items are not sufficient to
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Figure 5.12: This figure shows the maximal deviation from the optimal for a
uniform setting. Optimally, each disk would get 100 items.
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Figure 5.13: Themean deviation from the optimal in a uniform setting is depicted
in this figure. Optimally, each disk would get 100 items.
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Figure 5.14: In this figure the maximal deviation from the optimal in a uniform
setting is depicted. The optimal number of items per disk is set to 1000.
achieve a good random distribution.
Conspicuously, the size of the stretch factor is not important for the distribu-
tion. This is due to the fact that the fluctuations are too large to be compensated.
Looking at the results with 100 items per disk (Figure 5.12 and Figure 5.13), this ef-
fect lessens but, still, the differences are not as pronounced as the weights suggest.
The maximal deviation sways around 30% and the mean deviation lies between
16% and 8% depending on the stretch factor.
The best results are achieved with 1000 items per disk (see Figure 5.14 and
Figure 5.15). The maximal deviation stays around 10% and the mean deviation
is below 4% for a stretch factor of 200. Moreover, the effect of varying stretch
factors is clearly visible.
Now let us compare Figure 5.7 with Figure 5.14, the best achievable distribu-
tion. It is apparent that the curves stay in the same value range, e.g. around 10%
for a stretch factor of 200. Hence, we conclude that 1000 items per disk are suf-
ficient to reach the theoretical bound induced by the disk weights. Furthermore,
the maximal deviation of about 10% seems acceptable for practical purpose. This
is further underpinned by the fact that the mean deviation is around 4%.
To summarise this section, it can be said that the Share strategy is capable of
achieving its optimal distribution, i.e. the inherently best distribution, when the
number of items per disk is about 1000. Assuming a disk capacity of about 10
gigabyte, this results in an extent size of up to 10 megabyte.
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Figure 5.15: This figure shows the mean deviation from the optimal in a uniform
setting. The number of items per disk is set to 1000.
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Figure 5.16: The figure shows the maximal deviation from the optimal for a
heterogeneous setting. The ’shorter’ curves are made for H16 (t = 16) and the
’longer’ ones stand for the H8 (t = 8) case.
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Figure 5.17: The figure depicts the mean variance from the optimal in a heteroge-
neous setting. The ’shorter’ curves corresponds to the H16 case while the ’longer’
represents H8, i.e. 8 different capacity classes.
5.2.2 Heterogeneous Setting
Heterogeneityposes a great challenge for storagenetworks because eachdiskmust
be treated according to its capacity. Therefore, we like to uncover the influence of
heterogeneity on the distribution quality. To get as much information as possible,
we vary the capacities of participating disks significantly and call this property
the skewness of the storage network.
We test a number of different heterogeneous settings to learn about the in-
fluence of the skewness. Each configuration consists of t different capacity classes
H1, . . . , Ht containing equal sized disks. To get a very high skewness, we set the
capacity of disks in classHi to be twice as large as the capacity of disks in classHi−1.
We test 4 different settings consisting of 2, 4, 8 and 16 capacity classes. Clearly, we
could not test all these configurations for all numbers of disks. Instead, we started
with 1 disk per class and increased each class by one disk until the configuration
reaches 50 devices. Hence, for 16 classeswe get only results for 16, 32 and 48 disks.
Implementation Quality
As in the uniform settings, we first look at the weights generated by the two
phases of the Share strategy. The maximal and mean deviation for the first phase
are depicted in Figure 5.16 andFigure 5.17, respectively. As before, weobserve that
the size of the stretch factor plays an important role in the distribution quality. For
instance, a factor of 200 achieves a maximal deviation of less than 2% and a mean
deviation of less than 0.5%. Both are very promising results. Furthermore, the
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Figure 5.18: This picture shows the maximal deviation from the optimal of the
first phase for four different heterogeneous settings. The upper set of curves are
generated with a stretch factor of 20 while the lower set is achieved with a stretch
factor of 200.
figures show the curves for two different settings, namely for 16 capacity classes
and 8 capacity classes. Surprisingly, the graphs look very similar for the same
stretch factors, i.e. there is no substantial difference between the different settings.
This becomes even more obvious in Figure 5.18 and Figure 5.19. Here, the
maximal and mean deviation for all four heterogeneous settings are shown for
two different stretch factors. The topmost set of curves corresponds to a stretch
factor of 20 while the bottommost set is achieved with a stretch factor set to 200.
Especially the second set shows very clearly that the differences between the
settings are marginal. The graphs are crisscrossing and they differ only by less
than 1%. Nevertheless, if we compare the heterogeneous results with the uniform
ones, there seems to be an order. For both stretch factors the uniform curve
achieves almost always the smallest deviation while the setting with 16 capacity
classes tends to be the worst scenario. However, these differences are very small
and the fluctuations in the random distribution weaken them even further.
Next consider the deviation for the both phases, as shown in Figure 5.20
and Figure 5.21. The clear distinction between the different stretch factors is not
as pronounced as in the first phase only. This is consistent with the uniform
experiments. As noted before, the reason lies in the quality of the underlying
Nearest Neighbour strategy. Still, the different heterogeneous settings behave
similarly for fixed stretch factors. This becomes even more apparent when we
look at all four settings (Figure 5.22 and Figure 5.23). The figures show the
curves for a stretch factor of 20 (topmost four curves) and a stretch factor of 200
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Figure 5.19: The figure depicts the mean deviation from the optimal of the first
phase for four different heterogeneous settings. The upper set of curves are made
with a stretch factor of 20 while the lower set is made with a stretch factor of 200.
(bottommost four curves). The latter set differs only by about 6% for the maximal
deviation and by roughly 2% for the mean deviation.
The order induced by the skewness of the setting, as observed in the first
phase of the strategy, vanishes completely, i.e. is superimposed by variations in
the Nearest Neighbour strategy.
Overall, we conclude that the Share strategy handles heterogeneity efficiently.
Thedeviations for the full strategy cannot be distinguished from the homogeneous
results.
Access Quality
We performed the same experiments as in the uniform case to evaluate the quality
when a certain number of items are accessed. When using only 10 and 100 items
per disk, there is no observable difference from the curves corresponding to the
uniform setting, i.e. the different curves could barely be distinguished.
The maximal and mean deviation when we demand 1000 items per disk can
be seen in Figure 5.24 and Figure 5.25, respectively. Each figure consists of three
different sets of curves. The topmost set corresponds to a stretch factor of 10.
Here, the fluctuation is highest and there is no detectable difference between the
different heterogeneous settings. The middle set is achieved using a stretch factor
of 50. We observe that the graphs do not differ as much as in the first set. Still, the
lines crisscross and there is no apparent order. The bottommost set is generated
using a stretch factor of 200. Again, there are no significant differences between
the different settings; the curves are concentrated within a few percent.
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Figure 5.20: The maximal deviation from the optimal for four different heteroge-
neous settings is shown. The ’shorter’ curve for each stretch factor corresponds
to a 16 classes setting (H16) while the longer representsH8, i.e. 8 different classes.
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Figure 5.21: The picture shows the mean deviation for two different size groups
and varying stretch factors in a heterogeneous setting. The ’shorter’ curves corre-
spond to theH16 case while the ’longer’ graphs represent the setting of 8 different
capacity classes (H8).
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Figure 5.22: The figure illustrates the influence of different heterogeneous settings
on themaximal deviation from the optimal. The upper set corresponds to a stretch
factor of 20 while the lower set is made with a stretch factor of 200.
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Figure 5.23: The figure shows the mean deviation from the optimal for four
different heterogeneous settings. The upper set corresponds to a stretch factor of
20 while the lower set is achieved with a stretch factor of 200.
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Figure 5.24: The figure depicts the influence of different stretch factors as well as
the influence of different heterogeneous settings on the maximal deviation from
the optimal. The uppermost set of four graphs corresponds to a stretch factor
of 10 while the next four curves were achieved with a stretch factor of 50. The
bottommost 4 curves correspond to a stretch factor of 200.
If we compare the values for 1000 items per disks with the weights of the full
strategy (Figure 5.22 and Figure 5.23 with Figure 5.3 and Figure 5.5), we notice no
significant difference. In other words, 1000 items per disk are sufficient to achieve
the best possible distribution.
The important lessons learnt in this section can be formulated as follows:
The Share strategy is very suitable for heterogeneous storage networks because
the deviation of the distribution cannot be distinguished from the one made
in a homogeneous network. Furthermore, the quality scales with the stretch
factor. While the maximal deviation in the first phase of the Share strategy drops
below 1%, the Nearest Neighbour strategy in the second phase is not capable of
preserving this distribution quality. With the highest stretch factor we achieve a
maximal deviation of around 10% and a mean deviation of roughly 4%.
5.2.3 Space Consumption
The last sections have shown that we need to set the stretch factor to a value
greater than 50 to achieve a good distribution of items when using the Share
strategy. However, the theoretical analysis shows that large stretch factors result
in a higher space consumption for the Share data structure. In this section, we
investigate the needed resources to implement the Share strategy.
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Figure 5.25: This figure shows the mean deviation from the optimal for different
stretch factors and varying heterogeneous settings. The uppermost set of curves
corresponds to a stretch factor of 10. The next set of four graphs is made with a
stretch factor of 50 while the bottommost set of curves is achieved using a stretch
factor of 200.
We start by looking at the information that is needed to implement the Share
strategy. Recall that we use a static data structure that contains all the information
needed to access any given extent.
To realise the first phase, each disk maps a number of intervals, represented
by a start and a end point, into the [0, 1) interval. This number depends linearly on
the used stretch factor s only, as is shown in the analysis (Theorem 32). The second
phase implements theNearestNeighbour strategy. Hence, we need s real numbers
per disk to realise the second phase. Summing up, we conclude that the space
consumption is linear in the number of disks aswell as the size of the stretch factor.
The space consumption for the Share data structure is shown in Figure 5.26.
The expected linearity is preserved by our implementation. For a stretch factor of
10 and 50 disks, the data structure needs only 8 kilobytes of memory space while a
stretch factor of 200 results in a consumption of about 160 kilobyte. Nowadays, the
size of main memories, even for off-the-shelf machines, is at least 512 megabytes
and, hence, the consumption of the Share data structure can be neglected even
for larger stretch factors.
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Number of disks 1 10 20 30 40 50
Stretch 10 0.3 1.7 3.3 4.8 6.4 8.0
Stretch 20 0.7 3.5 6.6 9.8 12.9 16.0
Stretch 50 1.7 8.7 16.5 24.4 32.1 40.0
Stretch 100 3.4 17.4 33.0 48.7 64.3 79.9
Stretch 200 6.7 34.8 66.0 97.3 128.6 159.9
Figure 5.26: The table lists the space consumption of the data structure implement-
ing Share for various stretch factors and different numbers of disks in kilobytes.
5.3 Overhead Measurements
In the last section, we investigated the theoretical quality of the Share strategy in
the context of storage virtualisation. Now we look into real-world scenarios. As
noted before, we access the virtual devices via the file system. In the following
experiments we build a file system on the virtual device and run a file system
benchmark (bonnie [Bra96]) to derive the performance of our solution. The focus
is not the overall performance in terms of running time but the overhead induced
by the virtualisation. The reference point for all experiments is the performance
of one disk (labelled SDA), without the interception of our driver. Clearly, this is
exposing the overhead. To cancel out local deviations, we average all experiments
over three different test runs.
We stress each component separately to learn about its impact on the overall
performance. There are three main tasks that could slow down the data access:
1. the performance of the database,
2. the transfer of extent information over the network, and
3. the mapping of block addresses via Share.
In the first setting, a clean system is accessed, i.e. the driver has no information
locally and contacts the database. The database has to find free extents on the
accessed disks and deliver the information to the driver. Such a scenario is the
worst possible case for the storage solution.
In a second case, we delete the extent information inside the driver before
accessing the data files. That way, the driver contacts the database and the meta-
data is transfered via the network. The database does not have to derive the
extent information but just look it up.
To evaluate the last point, we simply run bonnie without cleaning the driver
or database beforehand. That way, the driver accesses only its local information
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Figure 5.27: This figure shows the throughput of different settings when the files
where written with putc. The left bar shows the access to a pure partition while
the others depict the performance of our solution on a clean system, after cleaning
the driver, and with full local information.
and needs no communication at all. The main task it has to solve is the mapping
of addresses to extents, i.e. data blocks inside an extent.
All three settings are tested for two different access methods. In one trial, we
write the data files with the putc routine, i.e. write each character separately. This
is slow because it generates many updates of data blocks. The more intelligent
way is to access the data block-wise. This is done in a second suite of experiments.
Note that this access pattern explores the special access to block devices.
Moreover, we test all configurations for two different file access methods.
Recall that the access to data on block devices always passes through the buffer
cache. Hence, we have the effect of caching. We use two different methods to
reduce that effect. First, the size of the files is at least four times bigger than
the main memory. We derived this number experimentally by running bonnie
for different file sizes. There is a significant drop (in order of magnitudes) in
performance when the files do not fit into main memory. Accessing these files
sequentially minimises the likelihood of caching.
Second, we use the switch O_SYNC for all data files. This ensures that the
data blocks are written to the disks as soon as they have changed. Here, no
caching effect can occur. We conducted experiments with activated caching as
well as with the disabled caching feature.
The synchronised results for the two different writing methods are shown
in Figure 5.27 and Figure 5.28. The left bar depicts the performance without the
intervention of our driver. It gives us themaximal possible performance. The next
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Figure 5.28: This figure shows the throughput of different settings when the files
where written with write. The left bar shows the access without our driver while
the others depict the performance of our solution on a clean system, after cleaning
the driver, and with full local information.
three bars show the performance of our solution for the three different settings:
starting from a clean system, transfer of extent information, and the overhead
induced by the driver alone.
Surprisingly, the overhead in the worst case setting is only about 4% of the
maximal performance. This is due to the special access pattern induced by the
putc routine. First of all, it generates many requests for the same extent. Note
that an extent is allocated and transferred only once. Thereafter it is local to the
driver and can be accessed very fast. Hence, the overhead of allocating an extent
and transferring it to the driver is credited to many data accesses and, therefore, is
very minor. Furthermore, the synchronising option of the files (O_SYNC) ensures
that each data access is written to a disk as soon as possible. The slowness of the
disks ensures that the overhead does not have a significant impact. It follows that
we cannot distinguish the performance of a plain disk from the performance of
our driver having all information locally.
The behaviour is different if we write the data block-wise as can be seen in
Figure 5.28. Still, all data accesses are written as soon as possible but we cannot
credit the overhead to many different accesses. This results in an overhead of
about 18% for the clean system and roughly 6% overhead when the database is
not involved. Note that the transfer of data to the driver seems to have no impact.
This is due to the fact that we write every single data access. The writes interleave
with the extent transfer. Why is that possible? The reason is the buffering of disk
accesses. As soon as the write request is handed over to the buffer cache, the
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Figure 5.29: The figure shows the results for the sequential write when each
character is written separately (putc). The first bar gives the throughput of a plain
disk. The other bars show the performance for a clean system, after cleaning the
driver and with full information.
processor is not involved anymore. Hence, the transfer of extent information and
the write to the disks can be done simultaneously.
More interesting than thedirectwriting of data accesses is the behaviourwhen
the buffer cache functionality is enabled. The throughput for both access methods
is shown in Figure 5.29 and Figure 5.30. One notes first of all that the differences for
the putcwriting are marginal. The main reason is the crediting of the overhead to
many data requests. Furthermore, the cache smoothes out differences. Consider
the two bars in the middle of Figure 5.29. We start the experiments by building
a file system on the device. Hence, the data blocks containing the file system
information are already in the main memory before the test of the clean system
starts. When we check the transfer performance, these blocks have to be loaded
from the secondary memory because the main memory is saturated from the test
before. This results in a marginal performance loss. Overall, the throughput is
almost indistinguishable for the different settings.
The behaviour is substantially different when we access the data block-wise
as depicted in Figure 5.30. The figure shows not only the throughput for all the
different settings but also for a different number of disks. We test each of the
overhead settings – clean system (C), transfer of extent information using the
database only for lookup (T), and driver with full information (D) – with a storage
pool consisting of one, two, and three disks.
The most apparent observation is that we get only half the throughput when
we start from a clean system. Why is this so? There are a number of different
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Figure 5.30: This figure illustrates the throughput for block-wise disk accesses in
the case that caching is allowed. The first bar shows the performance of a plain
disk. The results with our driver are grouped into three categories: starting from
a clean system (C), transferring extent information (using the database only for
lookup) (T), and having all information local to the driver (D). Each group shows
the throughput for a storage pool consisting of one, two or three disks separately.
reasons that influence the drivers’ performance. First of all, the access to the files
is sequential. This fact combined with the activated caching effects results in a
very special access pattern for magnetic disk drives. Note that the most restrictive
factor in disk accesses is the search time tsearch because it involves the mechanical
movement of the disk head. Therefore, themaximum throughput can be achieved
if the disk head has to move as little as possible (sweeps over the disks to read
all the data). Such a behaviour can only be accomplished if the data blocks are
placed accordingly by the file system and there are enough data accesses such
that they can be issued in that order. For all these reasons, every disk has two
characteristics describing its throughput: maximal and sustained performance.
The former is the best possible throughput, i.e. when the disk head sweeps over
the disk, while the latter describes the average performance, i.e. when the disk
head has to move arbitrarily.
So why does that influence the performance of our solution when we access
only one disk? The apparent reason is the layout of data blocks. The file system
ensures that sweeping is possible. However, we break this layout by using extents.
The principle behind the allocation of extents is first fit, i.e. we take the first
possible position on the disk where the extent fits in. This destroys the carefully
designed data layout of the file system and, hence, makes maximal performance
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Figure 5.31: The figure shows the read throughput for our solutionwith a varying
number of disks to feed the virtual device. Note that all information to access the
data is local to the server.
impossible.
That the overhead induced by the driver it not very high becomes evident
from the experiments with more than one disk. If the overhead is the limiting
factor, we would not achieve any improvement by using more than one disk.
Instead, we increase the throughput significantly. Note that we could not expect
many parallel accesses because of the sequential access pattern. It seems that
the database is a limiting factor because the performance is not increased for the
clean system. Nonetheless, we get an even higher throughput for the other two
settings. Note that the difference between a driver having all information locally
and one contacting the database is much more pronounced than in all previous
experiments – 14% for two disks and even 17% performance increase for three
disks. This hints that it matters how fast we can fill the disk queues and that we
get parallel accesses even for sequential accesses. Additional experiments showed
that more disks do not increase the throughput any further. This is due to the fact
that there is too little parallelism to keep more disks busy. The most important
result of this experiment is the fact that we are able to increase the performance
by roughly 30% for an access pattern that is not parallel at all.
Keeping the above reasoning in mind, we expect the read performance to
behave similarly to thewrite performance. However, looking at Figure 5.31 shows
a different picture. The figure depicts the read throughput of our driver with a
varying number of disks feeding the virtual device. Note the all information is
local to the driver becausewe had to generate the files before reading them. Hence,
we measure only the overhead induced by the driver itself.
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Figure 5.32: The figure depicts the number of seeks per second for a varying
number of disks compared to a plain disk (SDA). Note that the data accesses are
done locally and do not involve data transfer or the database.
Obviously, the read throughput does not suffer somuch fromamore scattered
data layout – our solution loses only about 9% compared to a plain disk. This can
be explained by the fact that a read is blocking while a write returns as soon as
the request is issued to the buffer cache. A further indicator for this behaviour
is the reduced performance of reads compared to write requests (roughly 66
megabyte/s compared to 87 megabyte/s). We conclude that the operating system
has more time to arrange requests. Thus, the performance of our driver is close
to the performance of one disk alone. For the same reason, we do not gain much
throughput by increasing the number of disk drives. That the inherent parallelism
is limited can be seen on the very slight performance increasewith a larger number
of disks. In fact, we only get parallel accesses at the end of each extent – in less
than 2% of all accesses.
Last but not least, we compare the number of seeks per second. In our opinion,
this is the most relevant test because it resembles the access pattern of real world
applications best. In general, many different applications access a virtual device
which results in an unpredictable access pattern. The results of the experiments
are shown in Figure 5.32. Here, we try to access as many randomly chosen data
blocks as possible. As can be seen in the figure, we get a very high rate of parallel
accesses; the number of seeks increases by roughly 40% when we use two instead
of one disk. Apparently, the increase in seeks decreases when the number of
disks grows. This is due to the fact that the number of simultaneously scheduled
requests is constant and, hence, the number of parallel accesses decreases the
more disks are participating.
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Extent size 1 MB 2 MB 4 MB 8 MB
1 GB 91 KB 46 KB 23 KB 12 KB
4 GB 364 KB 182 KB 91 KB 46 KB
1 TB 91 MB 46 MB 23 MB 12 MB
Figure 5.33: The table lists the space consumptionneeded in thedriver fordifferent
extent sizes and varying total storage spaces.
5.3.1 Space Consumption
The last overheadwe consider is thememory consumption inside the kernel. Each
server, more specifically, each driver, needs information about the virtual devices,
the corresponding storage pools and, most importantly, the used extents. Clearly,
this information can always be provided by the database, but, as the results have
shown, this slows down the data access significantly.
Obviously, the memory is mostly consumed by extent entries. In the cur-
rent implementation we need 92 bytes per entry. Based on our current driver
implementation, Figure 5.33 shows the estimated space consumption for different
extent sizes.
Given current main memory sizes our approach stays implementable even
for very large storage networks. Furthermore, the extent information can always
be requested from the database. This gives rise to a performance versus storage
resources trade-off. We simply limit the size of the mainmemory usable for extent
information. Whenever we run out of space, we evict some least recently used
extent structures such that we have to request them from the database the next
time they are accessed. This leads to a caching behaviour which is similar to the
general handling of block devices under Linux.
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Conclusions
This thesis aims to introduce dynamic behaviour into storage networks. By dy-
namic we mean that it is possible to add and remove disks from a storage system
without losing the previous data distribution.
We devised data distribution strategies that are not only capable of keeping
the data evenly distributed over all participating disks but also move only a
small fraction of the data to preserve this even distribution if the number of
participating disks changes. We also considered the case of heterogeneity, i.e.
disks with different storage capacity. Our strategies could guarantee that every
disk gets an amount of data according to its capacity.
In the first part, we introduced the different strategies and analysed them in
a theoretical model. As expected, the homogeneous case is much easier to handle
than the heterogeneous counterpart. This is due to the fact that we do not need to
knowanything about the other disks because all disks get the same amount of data.
In the heterogeneous case, the amount of data that must be moved to a certain
disk depends on the capacity of that disk. We introduced two randomised data
distribution strategies – namely Share and Sieve – that are capable of handling
heterogeneity, adaptivity, and space balance efficiently.
These new strategies lead to a previously unrealised flexibility in handling
storage networks and, thus, a possible decoupling of the logical from the physical
view. The central idea is to dissipate the disk space into manageable chunks
called extents and apply the distribution strategy to find a good data layout. It
has been implemented using the Share strategy for the extent distribution. We
built a complete virtualisation solution for Linux and tested its quality concerning
distribution and overhead.
The first part of the evaluation concerns the best possible, theoretically achiev-
able distribution quality of the Share strategy. The experiments show thatwe reach
a deviation of about 10% for feasible parameters. Surprisingly, the bulk of the de-
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viation is caused by the simpler uniform strategy. We were able to show that the
reduction of heterogeneity results in a deviation of less than 1% only. Hence, a
better uniform strategy is needed.
Using the virtualisation in a real-world environment has given us an idea
of the overhead induced by our virtualisation. Surely, we have to pay for the
management of the extents. However, the influence on the overall throughput is
by far not as important as expected. Only when using a storage pool with one
disk, we roughly halve the performance for block-wise writes. As soon as we
increase the number of participating disks, we exceed the throughput despite a
sequential access pattern.
The results for random seek operations are ever better. When accessing
the data in an unpredictable way, the performance scales with the number of
participating disks. This shows that the distribution quality is very good and the
induced overhead is acceptable.
Are better strategies possible? This question is difficult to answer. It would be
a great achievement if the usage of randomisation can be reduced. Hence, it can be
worthwhile to investigate strategies that use randomisation to distribute the data
items evenly over a fixed size interval but map that interval with deterministic
methods to the disks.
Regarding randomised algorithms, we have to look for a better concentration
around the expectation value, i.e. achieve results with high probability.
On the practical side, there is a huge demand for more evaluations. The
experiments conducted mark a first step into the direction of practical storage
virtualisation. The next stage is to use the lessons learnt and devise better dis-
tribution strategies.
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Thanking everybody towhom I owe a little part ofmy thesis is impossible. Instead,
I humbly invite you all to search for yourself in the following little story.
Once upon a time a little sheep had to look for a new meadow because his
old grazing land could not feed it anymore. He bid goodbye to his father and his
family and went off to new horizons. It did not take long until he came upon a
huge meadow full of tasty green grass. ’Great’, thought the little sheep, ’let’s give
it a try!’. And indeed, the wise ram, whom everybody referred to as The Lord of
the Meadow, gave him a warm welcome.
Everything, in the world of a sheep, has to do with grass, or better with the
cutting of grass. Here, the sheep were specialised in doing that simultaneously
all together. Imagine the surprise of the little sheep when he found out that they
all only thought about that! That was a funny thing and rather new to him. So,
he went to a kind of nursery school with lots of other sheep from all over the
place. That was a very jolly bunch, indeed. Some tried to build a lawnmower, but
they had to do in the outskirts of the meadow. Maybe because of their drinking
habits. Some wanted to partition the meadow into pieces such that each sheep
gets the same amount of grass, and they did that very well because they had
red-framed glasses. Some pretended that they cannot see the strip of meadow
they are currently eating. And some simply wanted to sell the grass. Anyway, the
little sheep liked it there and was grateful for all the diversity.
One day two sheep came to him and wanted his participation in a grass-
storing project. All this cut grass must be put somewhere. So, they thought about
putting it into large silos of different size. That was fun! Now the sheep could
think about grass problems, too.
Life on the meadow was never uninteresting. There were so many things to
discover and so many sheep to meet. For instance the small sheep who rocked to
and fro and got lost from time to time. He was such a jolly good fellow with his
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greasy black hair, and the little sheep is very grateful for that. Often they played
ball even when a fence was between them. In the same shed lived another small
sheep who always had a smile on her face. When the other sheep felt in teasing
mood, they called her Ewe and run away as fast as their little feet could carry them.
The little sheep had very ofter teawith her. Some sheepwere not completely under
the supervision of The Lord of theMeadow. Theywanted to keep everybody from
knowing that they cut grass at all. So, they simply painted the grass in different
colours. To mention all the sheep and activities on the meadow would take days.
Noteworthy are all of them. Just take the administrator sheep from down below.
The holy trinity never failed to be easy with a joke about operator skills but also
never failed to solve problems.
Thinking about big grass silos was sometimes very tiring. So, the sheep
played a funny little game. They went into a maze and pretended that they could
throw little bombs at each other. Our little sheep was never really good at that
even with professional training. Maybe one has to be born for that.
Time went by and the silos took shape. Occasionally, there came other sheep
from meadows far away. They bleated in different accents but the little sheep
could understand them. Maybe it was because it spent a lot of time on a little
pond where everybody was bleating in that accent. If you want to get a decent
pint of grass juice you had to bleat like them, didn’t you? Our little sheep was
always happy to take those other sheep to the little pond and speak to them in
their own tongue. How interesting they were. One was very fond of frogs and
needed some guidance. The other was turned upside down because she grew up
on the other side of the world. The little sheep liked their stories.
So the little sheep grew up – but just a little – and all his thinking ended
up in a new grass storing silo complex that is capable of extension. He looks
back at his time at the meadow with gratitude, awe and respect. Lest to forget
the one sheep that kept him company over all the years. Without her nothing
would have been possible.
Kay A. Salzwedel
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